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The traditional healthcare industry is undergoing a major
paradigm shift due to the rapid advances and developments
of mobile, wearable, and other wireless technologies. These
Mobile Health (mHealth) technologies promise to bring
tremendous beneﬁts and opportunities to the diagnosis,
prognosis, treatment, and prevention of human diseases for
a better quality of life. In the meantime, mHealth also
presents unprecedented performance and security challenges in the entire process of data collection, processing,
analysis, synthesis, and visualization. For example, the advent of wearable technology has now made it possible to
constantly monitor sophisticated biometrics for many
people ranging from home athletes to chronic healthcare
patients. A wide spectrum of devices are being designed as
either a replacement of an existing healthcare monitor or a
proposition for a new multifunction one. These devices
typically require communication with a central healthcare
system via cell phones or tablets, and thus, threats to the data
at rest and in transit still exist, apart from a potential risk of
misuse via patient proﬁling. Therefore, it is crucial to design
and implement new mHealth technologies to build reliable,
accurate, eﬃcient, and secure healthcare environments for
optimal patient care. The wide deployments of such wearable
monitoring devices have also raised a critical issue to health
informatics caused by the sheer volume and high complexity
of health data collected anywhere and anytime. Machine
learning and big data-oriented algorithms, models, systems,
and platforms are needed to support the analysis, use, interpretation, and integration of diverse health data.
This special issue includes 14 research articles,
addressing various aspects of the recent mHealth advances

and developments that use mobile and wireless devices to
improve healthcare outcomes, services, and research. In the
article titled “Mobile Aid to Assist with Care Decisions in
Children with Autism Spectrum Disorder (ASD),” A. Khan
et al. developed an autism spectrum disorder intervention
application that provides an outlet for children to express their
emotions while providing an uncomplicated environment. In
the article titled “Systems and WBANs for Controlling
Obesity,” M. S. Mohammed et al. explored the use of wireless
body area networks (WBANs) and related systems for controlling obesity and proposed to integrate such technologies
into an intelligent architecture. In the article titled “Indication
of Mental Health from Fingertip Pulse Waves and Its Application,” M. Oyama-Higa and F. Ou explored the use of the
largest Lyapunov exponent (LLE) of the attractor to provide an
eﬀective indicator of mental health. In the article titled “A New
Remote Health-Care System Based on Moving Robot Intended for the Elderly at Home,” B. Zhou et al. developed specialized robotics technologies for remote geriatric care. In the
article titled “A Mobile Multimedia Reminiscence Therapy
Application to Reduce Behavioral and Psychological Symptoms in Persons with Alzheimer’s,” D. Imtiaz et al. developed a
mobile technology-based solution to address behavioral and
psychological symptoms of dementia (BPSD) that occur in
individuals with Alzheimer’s dementia. In the article titled
“QRS Detection Based on Improved Adaptive Threshold,” X.
Lu et al. designed an adaptive threshold algorithm for QRS
detection that can be used in mobile devices. In the article
titled “Genuine and Secure Identity-based Public Audit for the
Stored Data in Healthcare Cloud,” J. Zhang et al. constructed
an identity-based data-auditing system where an algorithm is
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used to calculate an authentication signature. In the article
titled “Modeling Medical Services with Mobile Health Applications,” Z. Wang et al. designed a medical service equilibrium model for evaluating the inﬂuence of mHealth
applications on the medical service market to balance the
supply of doctors and the demand of patients. In the article
titled “Chinese Mobile Health APPs for Hypertension Management: A Systematic Evaluation of Usefulness,” J. Liang et al.
conducted a study of Chinese mobile health APPs for hypertension management to investigate the diﬀerence and effectiveness of the APPs between mainland China and other
places. In the article titled “Leveraging Multiactions to Improve Medical Personalized Ranking for Collaborative Filtering,” S. Gao et al. constructed a medical Bayesian
personalized ranking (MBPR) over multiple users’ actions
based on a simple observation that users tend to assign higher
ranks to healthcare services that are meanwhile preferred in
users’ other actions. In the article titled “A Systematic Review
on Recent Advances in mHealth Systems: Deployment Architecture for Emergency Response,” E. Gonzalez et al. conducted a broad survey of recent advances in mHealth systems.
In the article titled “An Ensemble Multilabel Classiﬁcation for
Disease Risk Prediction,” R. Li et al. explored the use of ensemble multilabel classiﬁcation for disease risk prediction. In
the article titled “Semiautomatic Segmentation of Glioma on
Mobile Devices,” Y.-P. Wu et al. studied hard edge multiplicative intrinsic component optimization to preprocess
glioma medical images. In the article titled “Handling Data
Skew in MapReduce Cluster by Using Partition Tuning,” Y.
Gao et al. explored the use of partition tuning-based skew
handling (PTSH) to make improvements over the traditional
MapReduce model in processing large healthcare datasets.
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MyHeifer is an autism spectrum disorder (ASD) intervention application aimed at better understanding patients’ behavioral
patterns and informing healthcare decisions, easing caregiver burden, and providing an emotional outlet for patients. Children
with ASD often struggle with the complexity of human communication because of the array of verbal and nonverbal communication methods at play. Because of this, technological interventions can be a valuable tool for communicating with children
with ASD because of their simplicity. Hence the MyHeifer application seeks to provide an uncomplicated environment for
children with ASD to express and explore their emotions. Children perform “actions” or “interactions” which are classiﬁed as
either positive or negative behaviors. Through these interactions, children learn various ways to react to situations. The choices
children make are collected and serve as a basis for future healthcare decisions. Because communication is often diﬃcult for
children with ASD, utilizing data from past actions or interactions helps caregivers anticipate and understand the challenges to
make better emotional and behavioral connections in individual patients in order to address personalized care needs.

1. Introduction
Mental health is becoming a prevalent component of the
ever changing healthcare environment and a growing
portion of healthcare costs worldwide. The rising demand
for ASD care is, as would be expected, comparable to this
trend. Since 2000, the prevalence of ASD has increased from
6.7 per 1,000 (approximately 1 in every 150 children) to 14.6
which is equivalent to about 1 in every 68 children [1]. In
addition, children with ASD typically have medical expenses
that exceed those without ASD by $4,110 to $6,200 annually
[2, 3]. In addition, there are many indirect costs incurred by
the family of patients with ASD including reduced work time
due to the need to provide care for the child, increased
nonmedical costs, and special educational and support needs
[4]. Besides the economic factors, nationally, there is also
a shortage of 70,000 providers in mental health and inequitable distribution of the providers with a greater
shortage in rural areas [5]. This often requires families to
wait long periods of time between appointments, travel long
distances, or forgo necessary treatments because of the

access limitations. In addition, primary physicians are often
less prepared to treat mental health conditions [5]. While
this is often where a patient is diagnosed, primary physicians
often lack the resources and treatment environment to
provide the necessary care for mental health conditions
including ASD. In rural areas, the long distance between the
patient and doctors exacerbate the diﬃculties of the care.
The imbalance and inequity of healthcare resource allocation
also restricts patients’ access to the care they desire. Doctors
face the diﬃculties of keeping up-to-date with patients’
current situation. The gap between the two sides inﬂuences
therapeutic eﬀects. Because of this, patients often see many
healthcare providers. The challenge of maintaining the care
continuum between multiple providers is often a challenge
undertaken by caregiving family members, adding to their
existing stress levels [5].
Under the traditional therapy method, doctors and
counselors design remedies based on the behavior records of
children with ASD and professional experience. The more
doctors and counselors can track the daily behavior of
children with ASD, the more accurate and eﬃcient the
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therapy could prove. It is impossible to expect doctors to be
with children suﬀering from ASD at all times to monitor
their stimulation responses in order to address the child’s
behavior and make therapy decisions [5, 6]. This discusses an
application that is built to monitor and gather information
on the daily behavior of a child with ASD as the ﬁrst-hand
record to ﬁll the gap of data needed to design traditional
therapy methods. To keep children with ASD interested and
guarantee the data’s steadiness and integrity, the application
is supported by the back-end service, which constantly
uploads new functions to maintain children’s attention. It
has been veriﬁed through many experiments and surveys
that children with ASD are more comfortable playing with
auto machines and video games. Nevertheless, the robots
and games designed speciﬁcally for children with ASD are
rare. The robots and games developed for the children with
ASD are often set with ﬁxed settings and cannot be personalized to a single patient’s personal condition. The goal of
developing the MyHeifer mobile application is to address
some of the limitations and challenges facing children with
ASD and their families. MyHeifer creates a virtual environment in which children with ASD can interact with an
animated heifer. These interactions can be either positive or
negative and serve not only as a safe outlet for patient’s
emotions but also as a “journal” of interactions for caregivers
and healthcare providers. These empirical data can then be
used to inform further healthcare decisions with the overall
goal of improving the care provided to the patient. The
application enables the children with ASD to select the
functions where the back-end supports by adding the child’s
role play in order to personalize the game. This way, the
application builds diﬀerent play roles unique to a child. The
diﬀerences between play roles reﬂect patient’s personal
mental condition to help doctors make better decisions.
Several realizations have lead to the development of
MyHeifer. First and foremost, caregivers are being asked to
ﬁll a gap in the patient’s care. Caregivers are not only expected to support the patient on a daily basis, caregivers are
also expected to monitor, evaluate, and coordinate patient
care between various providers. In addition, the shortages
and uneven distribution of medical professionals make
getting access to the necessary health services more challenging. Through the use of MyHeifer, it is hoped that some
of these locality challenges can be addressed through the use
of remote patient monitoring technologies. Finally, the
growing prevalence, longevity, challenging characteristics,
and the gap in care continuum that was noted earlier were all
factors that lead to the identiﬁcation of need.

2. Background
ASD is a complex condition which aﬀects brain development
and has a prevalence of approximately 14.6 per 1,000
children or 1 in every 68 children [1]. ASD causes the individual to have varying degrees of diﬃculty handing social
interactions and interaction pressure or stress surrounding
verbal and nonverbal communication as well as dependency
upon routines and repetitive behaviors, intense obsession
with a particular idea or topic, and diﬃculty managing
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emotional responses [4, 7]. While ASD can aﬀect how
children interact, learn, or react, intelligence is not aﬀected.
Despite this, children are often frustrated by the diﬃculties
they experience in communication, emotion, and social
interaction, which can lead individuals to exhibit aggressive
behavior.
There is a growth in mobile technological solutions to
address ASD [8]. Current treatment strategies for ASD focus
on managing conditions and improving functioning for
patients as there is currently no cure [9]. There are four main
treatment branches used to manage ASD symptoms: behavioral approaches, dietary approaches, pharmaceutical
therapy, and complementary and alternative medical therapies. Behavioral approaches often center around the idea of
helping children learn to manage and communicate the way
they are feeling. One widely accepted behavioral approach is
applied behavioral analysis in which positive and negative
behaviors are encouraged and discouraged, respectively,
through repetitive stimuli. Children can also beneﬁt from
“ﬂoortime,” a practice that focuses on emotions, developing
relationships, and dealing with responses to stimuli such as
sight, sound, or smell. In addition, children with ASD can
also beneﬁt from occupational therapy, sensory integration
therapy, and speech therapy. Some individuals see a positive
improvement when adhering to dietary restrictions or
supplements; however, there is not much evidence supporting these recommendations. Medication is also used at
times to control related symptoms of ASD such as depression, seizures, or inability to focus. The ﬁnal category,
complementary and alternative medicine, refers to treatments outside the realm of typical medicine used to alleviate
symptoms; however, many of these techniques lack scientiﬁc
backing [4].
Among all the treatment methods suggested, behavioral
approaches to symptom management are the most widely
utilized and supported methods of managing ASD in
children [10]. With that being said, there is signiﬁcant
challenge for parents of children with ASD to provide this
near-constant reinforcement and structure that is suggested
by these models. Not only is it a big time commitment,
providing care for a child with ASD puts signiﬁcant physical
and emotional stress on the caregiver [11]. For these reasons
among others, assistive technology has been suggested as
a tool for treating the symptoms of ASD [11, 12]. Combining
these two areas of research, we seek to emulate the beneﬁts
that are seen in patients utilizing traditional applied behavioral analysis methods by adapting this method to the
mobile device environment to make these interventions
accessible and individualized to the needs and responses of
each individual patient.
MyHeifer application oﬀers the family members an
opportunity to use the app to enable positive behavior in
children aﬀected with ASD. The app tracks the children’s
emotional responses and behaviors and reports them to the
clinicians. This information is helpful in providing decisionmaking data to the clinicians, thus sanctioning the clinical
decision-making process. Additionally, the app will provide
statistical data to study the emotional behavior and the
responses of children aﬀected ASD. This practical
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application opens avenues for further research into understanding the behavior of children aﬀected with ASD.

3. Methods
This application seeks to provide a positive addition to the
treatment regime of children with ASD. In addition to
providing children with ASD a means to expressing their
emotions, this tool also provides caregivers and medical
professionals the ability to analyze the decisions being made
by the child within the application. As will be discussed, this
adds valuable insight to the patient’s care decisions.
In the development of this application, three important
stakeholder groups were considered: children with ASD,
parents, and healthcare providers. For children with ASD,
human interactions can be very overwhelming. People
communicate with their eye movements, facial expressions,
head movement, and hand gestures. In comparison, interacting with a device involves much less interpretation of
nonverbal communication, which can be diﬃcult for children with ASD. In addition, this application provides a safe
environment for children to express how they feel. The
application is built on the framework of the applied behavioral analysis to provide encouragement for positive
behaviors and discouragement of negative behaviors. Since
applied behavioral analysis has proven eﬀect in reducing
negative behaviors, it is predicted that using this framework
with this application will have a similar eﬀect [10, 12].
In addition to meeting the patient’s needs, this application is also designed to ﬁt with the needs of caregivers.
Caregivers play a very active role in assisting children with
ASD. Caregivers monitor symptoms, administer medications, and play a crucial role in managing care continuity
between various healthcare providers such as therapists and
doctors. Since, these responsibilities are typically taken on by
a family member, who in doing so, reduces their ability to
work and adequately meet their own needs, many caregivers
become physically and emotionally drained [12]. The signiﬁcant role that caregivers play in the patient’s care and
daily life is one of the signiﬁcant challenges and factors that
indicated need for such an intervention. An important note
in regards to caregivers is their already limited time. For this
reason, the proposed MyHeifer application does not rely on
caregiver intervention following the initial setup which
would typically take about ﬁve minutes. Because of the
demands on caregivers’ times, it is important to note this
application was designed in a way to reduce the caregiver’s
workload, not increase it. This application seeks to address
the needs of the family, who are likely playing the role of
caregiver as well. Caregivers often take on the role of
managing care continuity and monitoring patient symptoms
on top of providing daily care. To address this, the MyHeifer
application saves data about the patient’s interactions that
are shared with providers. This reduces the demands on the
caregivers.
Finally, these data created from the game can be utilized
by healthcare providers to describe the patient’s interactions
to add insight to the care decisions. These data are presented
per incident so as to show association between events and
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behavioral outcomes. These data become an actionable part
of the patient’s health records. With these stakeholders in
mind, the MyHeifer application was developed to address
the challenges faced in providing care for children with ASD.
Figure 1 shows how the application interfaces between
these various roles. “HomeViewController” serves as the
framework of the application. Built on top of this is the
“BaseView.” This is the “starting” place of the application
(or visually, the welcome page as seen in Figure 2). From
this “start” position, the application transitions based on
personalized decisions made by the patient. Each one of
these decisions cues a “TransitionViewController” instance, which is then followed by an instance of “AnalyzeViewController.” These last two frameworks are the
building blocks for the customizable and analyzable features of the MyHeifer application. “TransitionViewController” layer changes the base environment to include an
additional element, for example, in Figure 3, the environment has been modiﬁed to include hay for MyHeifer to
munch on. The “TransitionViewController” layer enables
customization of the applications environment per the
child’s design. The new item calls an “AnalyzeViewController” object speciﬁcally related to it, and then proceeds to
draw the new animation onto the screen and initialize the
new role. It is through this initializing of the role that the
visual cartoon gains personality and becomes customized
to the particular patient. The proceeding interactions are
now dependent upon the current role or environment
being animated by the application. All of these decisions
become actionable by healthcare professionals by way of
the next tool: the “AnalyzeViewController” framework.
The “AnalyzeViewController” is attached to each transition
and saves data on each action. This enables each change to
the environment to be analyzed as individual instances.
This also collects data surrounding each environment being
portrayed and creates data related to each instance. As will
be discussed, this enables data analysis of a child’s actions
within the application which could enable a better understanding of a child’s healthcare needs and individualized care plan requirements.
With this basic understanding of the back-end functionality and the connection between multiple user types on
the same system, it is time to consider front-end design
aspects. Figures 2 and 4 show the home page and the
conﬁguration page, respectively. From the welcome page,
children are able to interact with the application. They can
talk to the cow and begin personalizing the cow by clicking
on the “foot-print” on the left of the screen. From there, the
child is directed to the menu seen in Figure 4. Here, the child
can add features to their cow and personalize the play role by
themselves.
As can be seen in Figure 4, the cow then gets these
features added to graphic displayed on the welcome page. In
the case of Figure 3, the cow is now holding hay in its hand.
By selecting diﬀerent options form the list, children are able
to customize the cow while they interact with it. The cow is
holding a glass of water in its hand. The cow’s behavior
reﬂects the children’s emotional feelings that they tend to
take care of others and be positive. By contrast, as in
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Sequence diagram of the mobile autism application
HomeViewController

BaseViewController

TransitionViewController

AnalyzeViewController

LoadBaseView ()
ButtonClicked ()
BehaviorSelected ()
AnalyzeBehavior

DrawChartOnScreen ()

DrawChartOnScreen ()
PlayRoleAnimated ()

Figure 1: Application ﬂow diagram.

Figure 2: Welcome page.

Figure 3: Positive action displayed.

Figure 5, the child hits the cow with the hammer. It reﬂects
the child tends to hurt others surrounded with them and stay
negative.
The interface the child interacts with is based on a few
key ideas; ﬁrst, the interface is designed in a way that
minimizes stressors. Unlike human interaction which is
saturated with hand movements, facial expressions, and eye

movement, this user interface aims to limit these behaviors
which are often overwhelming. By limiting expressions and
behaviors, the cow’s actions are more predictable for children [12]. In addition, the application provides a way for
children to express their frustrations without harming
others. The application also gives more ﬂexibility to ASD
children to design their game. Since each ASD child should
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Figure 4: Select action.

5
be oﬀered a personalized treatment, our app is supported by
individualized games. The number of positive and negative
functions the children add to the play role implies their
interests and mental situations. Finally, this application
simulates the behavioral treatment approaches, allowing
caregivers time to address their other needs and demands.
The data created through this application can provide
information valuable for informing patient care. Besides
providing caregiver with ASD children’s behavior record,
the application also oﬀers built-in functions to analyze the
children’s emotion patterns in a speciﬁc period of time. The
patient’s caregiver or healthcare provider is able to analyze
the data generated by the application in a variety of ways,
enabling them to see what decisions the child is making
within the application. This provides an idea of what
emotions the child may be experiencing. For example, giving
the cow food or a gift shows a positive reaction while
a hurtful action would be classiﬁed as a negative reaction.
The result can be seen in Figure 6. This graph shows the
quantity of positive (blue) to negative (yellow) responses on
a given day. Trends over a period of time can then be
gathered and analyzed in order to determine future health
decisions. The graph in Figure 7 achieves a similar objective
of enabling analysis of the child’s decisions. In addition to
quantitative data, the child’s conversations can be retrieved.
This serves as a reference to provide the context of particularly notable series of actions or look for correlation between actions and “conversation” topics. Both the
conversation record and button clicking history will be sent
to the doctors as the ﬁrst-hand data to improve the accuracy
of therapy.

4. Data Interpretation

Figure 5: Negative action displayed.

This application seeks to acknowledge the individuality of
each patient with ASD. The patient’s individualized data are
used to benchmark the patient’s trends which in turn makes
the knowledge generated through the application more
personalized. Children are also able to customize the
character and select actions based on their own mood and
emotions. This gives them a way to express their emotions
which is often a challenge for children with ASD. Because
caregivers and healthcare providers can analyze the child’s
choices, emotional patterns are more likely to be addressed
by caregivers. Finally, the accumulated game history leads to
improved decision making which in turn helps children
better address their symptoms.
Figures 7–9 show an example of the type of data that
would be available to healthcare providers. The y-axis is
a count of actions (both positive and negative) over the xaxis of time. This gives care providers a retrospective view of
the patient’s positive and negative actions or choices. In
Figure 7, the frequency of positive actions is steadily increasing over the time period while negative remain fairly
constant and low throughout the time period. This example
represents a child whose ASD symptoms are well managed
and understood by the patient. The child has connected their
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Figure 6: Positive versus negative decision ﬂuctuations over one
month.

Figure 8: Data analysis—example two.

emotions to positive behavioral outlets and has minimal
negative behaviors. On the other hand, Figure 8 is mirrored
after a child with ASD facing a complex emotional situation.
The positive reactions are seen declining, with increased
variability in negative reactions—sometimes very high, other
times very low. Similarly, Figure 9 shows an increasing
negative reaction rate over the time period with a variable
positive reaction rate. This pattern could also indicate a child
struggling with challenging social situations.
This application becomes more than a safe outlet for
children’s emotions when healthcare providers and caregivers are able to view data and correlate rates of positive and
negative reactions with social pressures the child may be
facing. One of the key beneﬁts of this is that it provides
a means to understanding children’s emotional state who
may not otherwise be able to communicate how they are
feeling with others. In addition to being a communication
tool, these data can also be used to drive healthcare decisions
over a long time span by using metrics derived from this
dataset. In doing so, healthcare providers could see the longterm behavioral eﬀects of chosen interventions, and in doing
so, benchmark additional interventions against each other to
create a personalized care plan.

5. Conclusion

Figure 7: Data analysis—example one.

Just as every child with ASD faces unique challenges, so must
interventions adapt to ﬁt the individualized needs of each
child. The MyHeifer application seeks to do just this by
creating an environment where children can safely express
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Figure 9: Data analysis—example three.

their emotions and can learn how their behavioral choice
impacts others. Because children with ASD often struggle
with communication about feelings, this application also
serves as a tool for patients and caregivers to discuss
emotions and provides a tool through which patients can
communicate with their care team.
To facilitate communication, this application is built
upon the ideologies of many foundational ASD interventions currently being used such as ﬂoor time and
applied behavioral analysis. By combining the core framework of these interventions, the MyHeifer application builds
oﬀ of common interventions currently utilized in the ﬁeld.
The ﬂoor-time methodology is built around the idea of
exposing a child to sensory stimuli and discussing emotional
responses to situations. This application serves as a tool for
discussing emotions and behavioral decisions. It also incorporates applied behavioral analysis in the form of behavioral choices that are categorized as either positive or
negative. These behavioral choices have eﬀects within the
application environment. The combination of these functionalities makes MyHeifer an application well based in
current intervention standards.
Future research seeks to look at the possibility of incorporating more data and metadata surrounding each positive or negative incident in hopes of better determining the
causes of individual instances of positive or negative behavior.
Through increased data analysis capabilities, it is assumed that
conclusions will be more concrete and healthcare providers
can feel more conﬁdent acting on these data.
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This article is a comprehensive review of recent studies of the authors on the indication of mental health from biological information contained in pulse waves. A series of studies discovered that the largest Lyapunov exponent (LLE) of the attractor,
which is constructed for the time series data from pulse waves, can provide as an eﬀective indicator of mental health. A low level of
LLE indicates insuﬃciency of external adaptability, which is characteristic of dementia and depression suﬀerers. On the contrary,
a continuous high level of LLE indicates excessive external adaptability, and people in this condition tend to resort to violence.
With this discovery, real-time display of the LLE, combined with other physiological indexes such as the autonomic nerve balance
(ANB), sample entropy, and vascular age, as a reference, can enable people to conduct self-check of mental status. To this end,
software development was performed in order to enable users to conduct pulse wave measurement anywhere at any time and
display the analytical results in real time during the measurement.

1. Introduction
Biological information possesses the nature of chaos. Until
now, scientists have been applying mathematical methods to
the analysis of various phenomena composed of chaos. In
contrast to static ones, it is usually much more diﬃcult to
explain dynamical phenomena. Thanks to the recent development of super computers, natural phenomena, such as
whether conditions, have become more and more predictable. Nevertheless, even though the precision of short-term
whether forecast has been improved, it is extremely diﬃcult
to perform long-term prediction. One reason is the chaotic
nature of natural phenomena.
In our initial study, we collected chaotic time series data
from ﬁngertip or earlobe pulse waves, since it is convenient
and does not impose a burden on the subject. Then, we
applied nonlinear methods to the analysis of the data. In
particular, we constructed attractors which are characteristic
of chaotic data and focused on the largest Lyapunov exponent (LLE) which is a typical nonlinear statistics quantifying the divergence and instability of the attractor

trajectory. Furthermore, in order to investigate the underlying biological information that produced such LLEs, we
constructed mathematical models and performed measurement from subjects under general anaesthesia. We
concluded that LLE possesses information of the central
nervous system [1].
Based on this result, we conducted varieties of psychological experiments and studied the relationship between
mental status and the LLE. As a result, we found that the LLE
is related to human mental health—mental vitality and
external adaptability (the ability to adapt oneself ﬂexibly to
the external environment). In particular, we have come to
realize that the LLE can provide as an eﬀective indicator in
the studies of dementia, depression, and measures to prevent
work errors, all of which are related to the external
adaptability [2–5].
In the following main parts of this article, we start with
the chaotic nature of ﬁngertip pulse waves, and then explain,
by mathematical modelling and anaesthetic experiment,
what information is indicated by the LLE that is obtained
from the ﬁngertip pulse waves. Next, we explain the
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calculation of the LLE, and the values of high frequency
(HF), low frequency (LF), and the autonomic nerve balance
(ANB), which are also used in our studies and are calculated
from the heartbeat data in the same experiment. Furthermore, we discuss the eﬀectiveness of the sample entropy
computed from the entropy of vascular blood ﬂow.
In order to study LLEs of a group of people simultaneously, we developed a system that enabled us to measure
the pulse waves of more than one subject at the same time.
“Lyspect” (developed by the Chaos Technology Research
Laboratory, or CTRL) is such a system that can visualize the
nonlinear analytical results on a PC screen with graphs and
ﬁgures. We will then describe the functions of “Lyspect.”
Moreover, we will introduce “Alys” (developed by
CTRL), a mobile application portable for Android tablets
and smartphones, which can display both LLE and ANB in
real time during the measurement [6].

2. Biological Information and Chaos
A living body is an extremely huge complex system that
takes in information from the ever-changing internal and
external environment—organs, blood ﬂows, as well as the
outside world—and operates following the instructions
given by the cerebrum.
On the contrary, many phenomena in the world are
observed to be random. What is the diﬀerence between
randomness and chaos? Figure 1 compares two attractors—one of chaotic data and the other of random data. The
diﬀerence is clear. If the biological information was random,
it would be unable to support life.
In contrast with a random system, a chaotic system is driven
by deterministic rules instead of probabilistic factors. Even
though the probabilistic factors do not exist, the deterministic
chaos produces complicated behaviour due to the nonlinearity
that the system itself possesses. Chaos has several characteristics,
such as sensitive dependence on initial conditions, trajectory
instability, long-term unpredictability, and short-term predictability. However, even though the trajectory instability
occurs owing to minute disturbance, the geometric structure of
the attractor, which expresses the stationary behaviour in the
state space, generally remains unchanged. Moreover, regarding
the sensitivity to initial conditions, deterministic prediction is
possible, provided the term is short enough.
Fingertip pulse waves are proved to be deterministic
chaotic time series data that human body generate. Concerning the evidence, in particular, the following 4 conditions are satisﬁed:
(1) The data possess no characteristic frequency component, but wideband power spectra
(2) Adjacent trajectories that pass through the subspace
of the attractor go in the same direction
(3) The LLE computed from the attractor is positive
(4) Nonexistence of white noise can be conﬁrmed from
correlation dimension (fractal dimension). To this
end, we can apply the Grassberger–Procaccia
method (G–P method) to the time series data

(a)

(b)

Figure 1: Diﬀerence between (a) chaos and (b) randomness.

As can be seen from the Figure 2, ﬁngertip pulse waves
satisfy all the above 4 conditions, and thus they are chaotic
time series data.

3. Measurement and Analysis of Chaotic Time
Series Data
Capillaries, which are the smallest veins and arteries, are
abundant in ﬁngertips and earlobes. Figure 3 shows the
process of measuring pulse waves. We take 200 Hz analogue
data from the ﬂuctuation of haemoglobin in the red blood cells
by using an infrared sensor, and then convert them to data
with no less than 10 bits, by analogue-to-digital conversion.
Concerning the time period for the measurement,
though a short time period can produce a result, it is appropriate to secure at least 1 minute in order to improve the
precision of the autonomic nerve balance (ANB) value,
which is computed from the heartbeat. Besides, considering
the chaotic feature of human body, it is not reasonable to
perform the measurement for only one time. Therefore, it is
recommended to perform suﬃcient times of measurement
with suﬃcient time period, according to the purpose [7].
In the following, we introduce the nonlinear analysis of
pulse waves and the largest Lyapunov exponent.
3.1. Construction of Attractor. As discussed earlier, pulse
wave data are chaotic time series data. The structure of
dynamical systems that follow deterministic patterns can be
described by several state variables. This is realized by
Takens’ embedding theorem.
To perform the embedding, time delay and embedding
dimension are required. To obtain these, generally the autocorrelation coeﬃcient and mutual information of the time
series data can be used as a standard [8].
3.2. Calculation of LLE. Regarding the calculation of LLE,
the indicator of trajectory instability of the chaotic time
series data, the optimal choice of the embedding dimension
is 4 [9, 10]. To illustrate the process of the calculation, we
depict the attractor conceptually with dimension 3 (Figure 4). Given a small ball as the initial value, a mapping
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(a)

(b)

(c)

(d)

Figure 2: Fingertip pulse wave (b), power spectra (d), attractor (a), and 4 LLEs ((c), where the calculation results are λ1 � 5.53, λ2 � −0.46,
λ3 � −5.26, and λ4 � −17.09).
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Figure 3: Measurement of pulse waves.

operation stretches out the ball in direction e1, and then
presses it back in direction e3. Therefore, the ball is transformed into an ellipse. Let λ1, λ2, and λ3 denote the logarithms of the magniﬁcation ratios per unit of time in
directions e1, e2, and e3, respectively. Here, λ1, λ2, and λ3 are
called Lyapunov exponents, and the collection (λ1 λ2 λ3) is
a Lyapunov vector.

In our study, we calculate the Lyapunov vector several
times and take the average value. As mentioned above, the
embedding dimension for the pulse waves is 4. Thus we have
calculated the 4-dimensional Lyapunov vector (λ1 λ2 λ3 λ4).
Without loss of generality, let λ1 be the largest of the four
components, and this is the largest Lyapunov exponent we
have obtained.
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value of LLE is normalized to a range of 0–10 in the display
of our measuring device.
Figure 5 shows the attractor, components of the Lyapunov vector (λ1 λ2 λ3 λ4), and the largest Lyapunov exponent (red), displayed by our software “Lyspect.”

e1

4. Meaning of LLE Calculated from Pulse Waves
e1

e2

4.1. Investigation. To investigate the meaning of the LLE, we
applied the following 2 methods:
Method 1: Mathematical modelling
Method 2: Observation of changes under general
anaesthesia

e3

e2
e3
Attractor

Figure 4: Calculation of Lyapunov vector from changes of the
attractor trajectory (3-dimensional illustration).

The following is a more rigid explanation. Consider the
time series data denoted by
x(i),

i � 1, 2, . . . .

(1)

By using the method of delays, the phase space is
reconstructed with vectors represented as
X(i) � (x(i), x(i − τ), . . . , x(i −(d − 1)τ))
� xk (i); k � 1, . . . , d,

(2)

where τ is a constant delay, d is the embedding dimension,
and xk (i) is deﬁned as
xk (i) � x(i −(k − 1)τ),

k � 1, . . . , d.

(3)

Regarding the ﬁngertip pulse waves, previous studies
[9, 10] have shown that the optimal choices for the constant
time delay and the embedding dimension are
τ � 50 ms,

(4)

and as mentioned above,
d � 4.

(5)

X(t) evolves with time with the initial trajectory X(0).
Then the LLE (or denoted as λ1, as above) is given by the
following formula:


δXε (t)
1
(6)
,
LLE � lim lim log
t⟶∞ ε⟶0 t
|ε|
where
δXε (t) � X(t) − Xε (t),

(7)

represents the divergence of the trajectories, with initial
condition of
ε � X(0) − Xε (0).

(8)

In our studies, the method proposed by Rosenstein et al.
in 1993 [11] is applied for estimating the LLE. Moreover, the

The mathematical modelling approach in the study of
chaotic behaviour is widely applied [12]. In regard to the
subject of our study, we considered the following factors [13]
Figure 6.
We performed simulations of the factors considered to
have an impact on the pulsation. By using the inverse
Fourier transform, we combined the waves sent by each of
the factors. Then, we compared the combined wave with the
pulse wave obtained from the measurement.
In the initial model, we did not incorporate the Duﬃng
oscillator which is related to the central nervous system.
Consequently, regarding the Mayer wave and RSA wave
resulted by the fast Fourier transform (FFT), we did not
obtain suﬃcient results. Thus, we modiﬁed the model by
adding a mathematical expression related to the central
nervous system, as shown in Figure 7, and ﬁnally we obtained the wave close to pulse wave.
The result of the simulation based on the mathematical
model showed that the pulse waves possess information of
the central nervous system [13].
Next, we explain Method 2, the observation of changes
in the LLE when the subject is under general anaesthesia.
We have found, by mathematical models, that pulse waves
contain the information of the central nervous system. To
further obtain empirical data, we conducted an experiment with the subjects under the condition that their
central nervous systems do not function. To this end, with
the consent of a group of cancer patients from a hospital in
Kyoto, we managed to collect their pulse waves which
were taken from the time before they received the general
anaesthesia for a surgical operation to the end of the
operation.
Changes in values of the LLE, sympathetic nerve, and
parasympathetic nerve are sketched in Figure 8. These values
were calculated from data output by the pulse wavemeasuring device, based on a timetable of the anaesthesia
provided by the doctor. We can clearly observe that the value
of the LLE fell drastically when the anaesthesia was administered, and the low level continued until the anaesthesia lost
eﬀect. However, note that the value did not turn to zero. The
reason is considered to be the ceaseless function of the heart.
As we have clearly seen, from both the simulation based
on model and the experiment under anaesthesia, the LLE is
a value related to the central nervous system [14, 15].
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Figure 5: Pulse waves, attractor, Lyapunov exponents (“1st LE” to “4th LE,” in diﬀerent colours, represent λ1 to λ4, respectively) including
the LLE (red).
Higher cerebral
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Figure 6: Factors considered to have an impact on the pulsation.

4.2. LLE as an Indicator of Mental Health. As we have already
discussed in Section 2, the LLE represents changes of the
attractor trajectory, which always ﬂuctuates. The ﬂuctuation
is essential in the indication of human mental health.
Speciﬁcally, we are going to show data and analytic results
from varieties of experiments. The indication of mental
health, simply put, is the condition that the LLE keeps
ﬂuctuating up and down within a moderate range, namely,
the condition of moderate ﬂuctuation. No ﬂuctuation, or no
change in the value of LLE, indicates indiﬀerence to the
external environment and inability to adapt oneself to the

external changes. Furthermore, the condition when LLE
keeps in a low level (between 0 and 2, according to the
normalized range as mentioned in Section 3.2) indicates that
the external adaptability is insuﬃcient, which is characteristic of many patients with mental illnesses such as dementia
and depression. On the contrary, a continuous high level of
LLE (between 8 and 10) indicates excessive external
adaptability, and the people in this condition tend to resort
to violence. Such people are recommended to be self-aware
of this potential danger.
Therefore, a person can be judged mentally healthy if his
or her LLE always ﬂuctuates up and down within a moderate
range. Moreover, mentally healthy people are able to adjust
their LLEs upwards or downwards. In contrast, however,
mentally unhealthy people may not. For example, for social
withdrawals which have become an object of public concern,
their LLEs are usually kept at a low level but sometimes
drastically go up (from 1 to 10), which reﬂects their inability
to control their mental status.
In order to quantify our mental health and ﬂexibly, we
can equip an Android tablet or a smartphone with a sensor
for the measurement and an application for the analysis and
display of the analytical results. In particular, “Alys” can
display the range of LLE values in colour, which is convenient for users to check their mental status without the
limitation of time and place. Mentally healthy people may
control themselves by referring to the colours.

5. “Lyspect” for the Analysis of Chaotic Time
Series Data
In this section, we give a detailed introduction of “Lyspect,”
the software for analysis of chaotic time series data [6].
Installed on a PC, “Lyspect” excels in the analysis and visualization of the analytical results. Besides, the software
“Lyspecting” is built in “Lyspect,” which enables users to see
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Figure 7: Simulation based on the model that considered the central nervous system.

the displayed condition while performing the measurement.
In the following, we describe the main items for calculation,
analysis, and display with “Lyspect.”
5.1. Value of LLE. The LLEs, calculated from changes of the
attractor trajectory, are displayed in time series. To display
one LLE value as a representative, the average and standard
deviation of the calculated LLE values can be used. As
mentioned in Section 3.2, the value is normalized to a range
of 0–10. Generally, the average LLE of a mentally healthy
person is around 5.
5.2. Value of Autonomic Nerve Balance. Since pulse waves
contain heartbeat information, which is related to the activity of the autonomic nervous system, we also obtain the
values of high frequency (HF, 0.15–0.40 Hz) and low frequency (LF, 0.04–0.15 Hz) from the analysis of the heartbeat
frequency, and display them in time series. Based on HF and
LF, we introduce the value of autonomic nerve balance
(ANB), deﬁned as a normalized index ranging from 0 to 10:
10 B
(9)
ANB �
,
3.5
where
B�

ln(LF)
.
ln(HF)

(10)

This computation method, a registered U.S. patent [16], has
been embedded in the measuring device used in our studies.
The necessary time period for the measurement should
be at least 1 minute, in order to perform integration in the
frequency domain. When the sympathetic nerve keeps active, stress tends to build up, which inﬂuences mental health.
Regarding the result of the ANB, a value less than 5 indicates
predominance of parasympathetic nerve, while a value over
5 indicates sympathetic predominance.
Displaying the LLE and ANB with 2 axes can make the
analytical result for mental health more clear. Figure 9
presents maps of mental condition using the values of the
LLE and ANB calculated by “Lyspect.” These are taken from
the display screen of “Lifescore Quick” (developed by
WINFrontier Co., Ltd.) in which the LLE computational
engine of “Lyspect” is incorporated. “Lifescore Quick” has
already come into the market. Users can clearly observe their
condition of mental health from the zones that are displayed
according to the analytical results.
Since the product is currently sold in Japanese market only
and the English version is not available, here is an explanation
of the “mental condition map.” The upper half of the cubic
map shows mental conditions when the LLE is high, namely,
the normalized LLE value is over 5, while the lower half of the
map corresponds to the opposite case, that is when LLE is low.
Similarly, the left half of the map indicates the condition when
the ANB is low, and vice versa for the right half.
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Figure 8: (a) Changes in values of LLE. (b) Parasympathetic nerve and parasympathetic nerve under general anaesthesia.
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Figure 9: Mental condition map using LLE and ANB.

Therefore, the upper left red arrow points at the case
when LLE is high but ANB is low, and it has been found that
people under such condition are unsettled, which is a syndrome of mania. The other three combinations can be

explained similarly. When both LLE and ANB are high, as
the upper right red arrow points at, nerves are at full stretch,
which is a characteristic of overwork. For the lower half,
when both LLE and ANB are low, as the lower left blue arrow
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points at, strain is relieved, which is often seen in lethargic or
senile people. The lower right blue arrow points at the
condition when LLE is low but ANB is high, which indicates
that the individual is feeling depressed.
5.3. Sample Entropy. In our study, the sample entropy is
computed from the entropy of vascular blood ﬂow. Suppose there are two sequences that are similar for certain
points, within a given tolerance. We can ﬁnd the probability of the occurrence of this event. Further, we can
compute the conditional probability that these two sequences remain similar when one consecutive point is
added to each of them. As a conventional method for
studying the complexity in biological time series, the
sample entropy is deﬁned as the reciprocal of the natural
logarithm of this conditional probability. For the time
series data x(i), i � 1, 2, . . . , N, as given by (1) in Section
3.2, the sample entropy is computed as
Am (r)
(11)
SampEn(m, r, N) � −ln m .
B (r)
In the above expression, Bm (r) denotes the probability
that two sequences match for m points, Am (r) denotes the
probability that these two sequences will match for m + 1
points, and r is the given tolerance. Here, m is also treated as
the length of subsequences of the data sequence
x � {x(1), x(2), . . . , x(N)} [17].
For a healthy subject, when the length m is changed from
2 to 10, the sample entropy tends to decrease as the tolerance
r increases. However, illnesses can cause the sample entropy
to increase. Therefore, it is possible to discover potential
illnesses that cannot be indicated by the LLE and ANB, by
checking the behaviour of sample entropy.
5.4. Vascular Age. Vascular age is generally of interest
in the study of physiological and biological information.
It can be computed using the second derivative of photoplethysmogram (SDPTG) [18], and the vascular age
can be estimated by the average of the results obtained
from such computation conducted thousands of times,
provided the pulse waves of the subject are stable during
the measurement. However, if unstable pulse waves are
taken in, the precision of the computational results will
fall.
In order to overcome this drawback, in “Lyspect,” the
value adjusted with median and width is applied, as shown
below.
10
σ�
,
(12)
1 + exp{−(2.857N − 100)/30}
where N is the physical balance of the blood vessel, computed using the SDPTG. Here, N is comparable to the actual
age: a high value indicates unbalanced function of the vessel
and vulnerability to sclerosis, while a low value indicates
plasticity of the vessel. Also note that σ is monotonically
increasing with respect to N, ranging approximately from
0 to 10 as N goes from 0 to 100.
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5.5. Representative Values. In “Lyspect”, as mentioned in
Section 5.1, one LLE value is displayed as a representative.
For ANB and vascular age, representative values will also be
displayed. Figure 10 is the display screen of “Lyspect.” In the
middle panel, three semicircles display, from the left, LLE,
vascular age, and ANB, respectively. All of them are normalized to a range of 0 to 10.
For the LLE, the standard deviation of each value is
displayed with a small yellow circle. A big circle suggests
a wide interval for the estimated value, whereas a small circle
means the calculated values are centred on the mean.
Concerning the vascular age, the result is shown as the
value that the needle is pointing at. As explained in Section
5.4, the precision is highly dependent on the stability of the
pulse waves during the measurement.
Regarding the ANB, as stated in Section 5.2, when the
needle is pointing at the right half of the semicircle, the value
is over 5, which indicates sympathetic predominance and
vice versa.
5.6. Other Functions. In addition to the graphs, “Lyspect”
also outputs numerical results, which can be imported into
Excel for analysis.
Besides, on the bottom panel, users can select the representative value they like, and when the recording is selected by right-clicking, changes of these representative
values will be displayed in real time (Figure 10).
There are other functions that are convenient for researchers, such as ﬁltering of the collected pulse waves and
download of the data and graphs.

6. Psychological Experiments Using the LLE and
Indication of Mental Health
In this section, we show several results of psychological
experiments using the LLE. In each experiment, unless
otherwise speciﬁed, we conducted the measurement of
ﬁngertip pulse waves with a 3-minuite time period for each
time.
6.1. Degree of Dementia and Communication Skills of the Aged
6.1.1. Subjects. 179 aged people (40 males and 139 females)
from 3 welfare facilities for the elderly in Shiga Prefecture,
Japan.
6.1.2. Experiment Time. From August to November 2003.
6.1.3. Experiment Process. For each subject, 3 times of
measurement were performed in a relaxed condition at
room temperature (25°C). Blood pressure, pulse, and body
temperature were taken before the measurement.
6.1.4. Indexes. We were provided data of 5-stage assessment
results showing the degree of dementia judged by the doctor.
We also obtained data of the results of a 3-stage assessment
concerning ADL (activities of daily living), composed of
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Figure 10: Display of analytical result (one part).

7 items, prepared by the care managers. Then, we investigated the relationship between these data and the LLE
calculated from the pulse waves [15, 19].
6.1.5. Result. Signiﬁcant relationship was found between the
LLE and the degree of dementia as well as the communication skill indicated by the ADL results (Figure 11). From
Figure 11, we may also observe the diﬀerence in the degree of
dementia from the attractors.

degree of attachment through questionnaires for the
mothers, where the indexes of the Maternal Attachment
Inventory (MAI, cf. [20]) were applied. We separated the
children into 2 groups based on the degree of their mothers’
attachment—strong attachment and moderate or weak attachment. In order to observe the behaviour of LLE values in
each group, we reﬂected the grouping to Figure 12 and then
obtained Figure 13. For both groups, the Student’s t-test
resulted in a statistically signiﬁcant relationship between the
LLE value and age at 5% signiﬁcance level [21, 22].

6.2. Children’s Pulse Waves and Their Mothers’ Attachment

6.3. Employees’ Pulse Waves and Their Degree of Fatigue

6.2.1. Subjects. Two hunded forty-two little children aged
from 0 to 5, from nursery schools in Osaka and Himeji
Prefectures, Japan. The details concerning the number of
subjects for each age and sex are given in Table 1.

6.3.1. Subjects. Twelve employees of a certain company.

6.2.2. Experiment Time. From January 2004 to March 2005.
6.2.3. Experiment Process. For each subject, measurement of
ﬁngertip pulse waves was performed 2 times in a relaxed
condition at room temperature (25°C), and the time period
for each time was 1 minute. We did not adopt the default 3
minutes but had to shorten the measurement time, because
some of the children could not help moving their hands,
which may cause measurement errors.
6.2.4. Indexes and Results. Compared with the other ages,
the children aged 3 showed a signiﬁcantly low LLE value, as
illustrated in Figure 12. The Student’s t-test showed that the
relationship between the LLE value and age is statistically
signiﬁcant at 5% level of signiﬁcance.
Furthermore, we investigated their mothers’ attachment
for the children, our subjects. We collected the results of

6.3.2. Experiment Time. Our measurement was assisted by
a Hitachi company, in February, 2005. The measurement for
each subject was carried out in the morning (immediately
after the employee came to the oﬃce of the company),
daytime (more than 1 hour after lunch), and evening
(immediately before the employee left the oﬃce).
6.3.3. Experiment Process. For each subject, measurement of
ﬁngertip pulse waves was performed in a relaxed condition
at room temperature (25°C).
6.3.4. Indexes and Results. In addition to the LLEs computed
from the pulse waves, we also collected the employees’ fatigue indexes through questions. Then, we analysed the
relationship between the fatigue indexes and the LLE values.
Figure 14 shows several patterns of the behaviour of LLEs,
which were from pulse waves taken in diﬀerent time periods.
We observed that those with a low LLE in the day time
developed a tendency to feel depressed or uneasy. From
Table 2, we can observe the signiﬁcant inverse correlation

6
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b
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Communication skill Student’s test
0.05

Lyapunov exponent (mean)
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Figure 11: (a) LLE (vertical axis), communication skill (3-stage result), and degree of dementia (5-stage result); (b) attractors (2-dimensional projection) with degree of dementia 0 (normal) and 4 (severe).
Table 1: Number of subjects by age and sex.
old
old
old
old
old
old

Girl
5
10
13
27
25
23
103

Total
7
23
32
54
69
57
242

7
6
LLE

0 years
1 years
2 years
3 years
4 years
5 years
Total

Boy
2
13
19
27
44
34
139

5
4
3
2

0

1

2

3

4

5

Age

LLE

5

Strong attachment group
Moderate or weak attachment group

4.5

Figure 13: Average LLE values for each age of the children, in two
groups with diﬀerent degrees of attachment.

4

coeﬃcient � −0.7014). In other words, a low LLE was observed to accompany strong tendency toward depression
and higher level of anxiety.
Due to the frequent occurrence of mental disorders
nowadays, mental health management has been playing an
increasingly important role in the workplace. As an indicator
of mental health, LLE can be useful not only for the selfcheck of the employees but also for the employers to assist in
their human recourse management [23].

3.5

3

0

1

2

3
Age

4

5

Figure 12: Average LLE values for each age of the children.

between the LLE in the day time and the level of anxiety
(correlation coeﬃcient � −0.7279) and between the day-time
LLE and the tendency toward depression (correlation

6.4. Changes in LLE during a Calculation Task. We performed a 15-minute Kraepelin test 2 times on each of the
subjects of age of twenties and of forties, and observed
changes in his or her LLE before and after the test. For both
age groups, we found that the LLE increases after the test.
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Figure 14: LLEs from pulse waves measured in diﬀerent periods of time.

Table 2: Relationship between day-time LLE and deterioration in willpower, level of anxiety, tendency toward depression, and accumulation of fatigue.
Willpower decrement
Anxiety
State of depression
Accumulated tiredness
LLE

Willpower decrement
1
0.7235
0.7539
0.7496
20.6385

Anxiety
0.7235
1
0.8455
0.9358
20.7279

State of depression
0.7539
0.8455
1
0.842
20.7014

Accumulated tiredness
0.7496
0.9358
0.842
1
20.6305

LLE
20.639
20.728
20.701
20.631
1

Correlation coeﬃcients are given in bold.

According to the subjects, they felt more clear-headed after
the test. Figure 15 shows the change in LLEs [24].
6.5. LLE and the Occurrence of Errors during a Monitoring
Task. For the purpose of experiments on human errors, we
developed a device which enables subjects to perform
monitoring tasks with a PC. Then we investigated the relationship between the LLE and error rates of the subjects.
The subjects were asked to perform monitoring tasks with
changing environments on the PC screen. For all the experiments, we observed that higher error rates corresponded
to lower LLEs, as shown in Figure 16. The line chart and bar
chart represent the LLEs and the error rates, respectively
[25].
From the results of the psychological experiments 6.3,
6.4, and 6.5, as demonstrated above, we have found that the
best time to set to work or go into action is when one’s LLE is
high to some extent.
6.6. Changes in Emotions during a Painting Work. By performing similar experiments, we found that the LLE tended

Color Code Cluster
Max. 8.0
Min. 0.0
Refresh

After the work
Before the work

Figure 15: Changes in LLEs before and after the Kraepelin test.

to increase owing to the activity of painting. Figure 17
displays the LLEs of a painter when she was at rest (in
orange) and when she started to paint after 3 minutes [26].
6.7. Changes in the LLE during Childbirth. In cooperation
with the obstetrics and gynaecology department of a hospital in
Nara Prefecture, Japan, we performed similar experiments and
observed changes in the LLE of pregnant women before and
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Figure 17: Changes in the LLE due to the painting work.
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Figure 16: Changes in LLEs and error rates during a monitoring
task.

after their childbirth. We compared the LLE values within 1.5
hours before the childbirth and those within 1.5 hours after the
childbirth, as shown in Figure 18. The Student’s t-test gave
a result of p < 0.05, meaning that the higher LLE was significantly related to the before-childbirth case. This indicated that
in preparation for their childbirth, pregnant women tend to
strive to adapt themselves to the crucial external condition [27].
6.8. LLE and Laughter. By similar means, we compared the
LLEs of students watching a comic video, and those of
students at rest (as a control group). The results are shown in
Figure 19. As the saying goes, laughter is the best medicine.
We observed that laughter caused the LLE to increase.
Related work can be found on the homepage of the “Loud
Laughter and Health Programme” ([28] in Japanese, http:
//www.v-1.co.jp/owarai/koyo.html) [27].
From the above 8 psychological experiments, we further
substantiated our conclusion, reached by the result of
mathematical modelling and anaesthetic experiment, that
the LLE possesses information of the central nervous system.
6.9. Experiments on Communications at an Old Age Home.
In cooperation with an old age home, we measured the pulse
waves of a caregiver and several bedridden aged people when
the caregiver continually spoke to each of a number of aged
people about a topic of interest for 5 minutes. For each 5minute time period, the measurement on the pair of the
caregiver and an aged person was conducted simultaneously.
From the result shown in Figure 20, we observed that the
caretaker’s LLE ﬂuctuated normally during the talking, while
the LLEs of 4 patients (A, B, C, and D) remained almost
unchanged. Looking further for their ANB, we found that
the parasympathetic nerve held a dominant position for each
of them. As a result, they appeared to be listening but actually were not, and they were possibly asleep even though
their eyes were open. Thus, the inability to communicate can
also be indicated by the LLE [15].
6.10. Comparative Analysis of Mental Disease Suﬀerers and
Healthy People. In order to investigate the possibility of
identifying physiological patterns characteristic of mental

5
Lyapunov
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4
3
2
1
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0.05

(a)

(b)
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FIGURE 18: Changes in the LLE during childbirth: signiﬁcant
diﬀerence (a) and attractors before childbirth (b) and after
childbirth (c).

illness suﬀerers, we conducted measurement from subjects
of mentally ill patients and healthy people [29, 30]. The
former group was composed of 43 people, selected from
a total of 195 patients each of whom was diagnosed with
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Figure 19: Comparison of LLE: when the subject is laughing (in blue) and not (the control, in red).
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Figure 20: Changes in LLE and HF/LF for pairs of a caretaker and an aged people during communication. (a) Case of Patient A. (b) Case of
Patient B. (c) Case of Patient C. (d) Case of Patient D.

7. Development of Smartphone-Based
Device for Self-Check in Real Time
We have developed “Alys,” a mobile application portable for
Android tablets and smartphones, which enables users to
conduct pulse wave measurement anywhere at any time and
display the analytical results in real time during the measurement [6].

10
9
8
7
LLE

a certain mental illness. The latter was a group of 133 healthy
and young students including 71 females and 42 males, with
an average age of 19.6. To enhance credibility, the measurement was carried out several times for each subject.
After collecting data from the measurement, we observed the analytical results of both LLE and ANB with
“Lyspect”, as shown in Figure 21.
In particular, we show the results for the subjects suffering dysthymic disorder (PTSD) and schizoaﬀective disorder (depressive disorder type) in Figure 22. It can be
clearly observed that the LLE was always low while the ANB
was always higher than 5. This indicated a characteristic of
low external adaptability and sympathetic activeness, which
is likely to be common to a certain amount of depressionrelated mental illness suﬀers.
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Figure 21: LLE and ANB of healthy (blue) and mentally ill (red)
subjects.

This device can even be connected to several sensors for
a group of subjects under experiment. In particular, for
a simultaneous measurement of a pair of subjects, one
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Figure 22: Analytical results of schizoaﬀective disorder (depressive disorder type) (a) and dysthymic disorder (PTSD) (b).

Figure 23: The starting screen and several display screen of “Alys.”

subject can observe the real-time result of the other, and vice
versa. In this way, we can study the interaction of the two
subjects involved in communication.
Furthermore, it can also be used during a meeting to
visualize the attendees’ degree of concern towards the theme
of the meeting. Similarly, for audience rating survey for TV
programmes, in addition to the number of audience, some
indexes regarding the audience’ degree of concern may also
be included.
As mentioned above, “Alys” can display the range of
LLE values in colour, which enables users to clearly
observe the real-time mental status, and then look for
ways to keep their LLEs ﬂuctuating within a moderate
range. By this means, the users can eﬀectively adapt

themselves to the external environment and stay mentally
healthy [31].
Regarding the output of the analytical results, from
display options on the software “CALISMA” which is built
in “Alys,” we can show the “mental condition map,” as
mentioned in Figure 9 in Section 5.2, which combines the
data of both LLE and ANB. Besides, the output can also be
displayed as a list of values or semicircular graphs. The
output screen of “Alys” is shown in Figure 23.

8. Conclusion and Future Prospects
Through the various experiments, we can justify the eﬀectiveness of the largest Lyapunov exponent (LLE) as an
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indicator of mental immunity. A high LLE indicates a mental
status of adapting to the external environment (“external
adaptation”). A continuously high level of LLE suggests that
the mental immunity of the individual is so strong that he or
she is likely to go to extremes: such individuals can be easily
irritated and take unexpected actions. On the contrary, a low
LLE indicates a mental status of “internal focusing,” and
a continuously low level of LLE suggests the mental immunity is so weak that the individual is prone to depression.
Moreover, with the measuring device that we have introduced, measurement with Android tablets or mobile
phones can be conducted easily, without the limitation of
place and time. The display with intuitive colours makes the
values of LLE and ANB more visible. Measurement during
various daily activities enables the users to perform real-time
mental check-up and then self-control according to his or
her mental status.
We are striving for improvement in our future work.
Firstly, for mental well-being in such an increasingly
complex society, it is beneﬁcial to have a clear grasp of one’s
mental status, which can be realized through real-time selfcheck. Thus, sensors that are easy to install and cost-eﬀective
are in demand. To this end, we are considering the application of Bluetooth. Moreover, by making good use of the
Internet and databases, it is possible to access the past data
and then observe the changes within a period of time or with
the change of the seasons.
The self-check of mental status can be advantageous to
a comfortable living in a complex and stressful society. We
cordially hope that this study can contribute to human wellbeing.
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Cloud storage has attracted more and more concern since it permits cloud users to save and employ the corresponding outsourced
ﬁles at arbitrary time, with arbitrary facility and from arbitrary place. To make sure data integrality, numerous public auditing
constructions have been presented. However, existing constructions mainly have built on the PKI. In these constructions, to
achieve data integrality, the auditor ﬁrst must authenticate the legality of PKC, which leads to a great burden for the auditor. To
eliminate the veriﬁcation of time-consuming certiﬁcate, in this work, we present an eﬃcient identity-based public auditing
proposal. Our construction is an identity-based data auditing system in the true sense in that the algorithm to calculate authentication signature is an identity-based signature algorithm. By extensive security evaluation and experimental testing, the
consequences demonstrate that our proposal is safe and eﬀective; it can eﬃciently hold back forgery attack and replay attack.
Finally, compared with the two identity-based public auditing proposals, our proposal outperforms the two proposals under the
condition of overall considering computational cost, communication overhead, and security strength.

1. Introduction
With the technique progress in communication ﬁled, the
amount of the generated data is going through fast growth.
Many companies working on the healthcare trade increasingly make use of cloud storage services. Instead of
every hospital storing and maintaining medical data in
physical servers, cloud storage is becoming a popular alternative since it can oﬀer the clients more convenient
network-connection service, on-demand data storage service, and resource-sharing service.
The aging population problem urges healthcare services
to make the continuous reformation so as to obtain costeﬀectiveness and timeliness and furnish the services of
higher quality. Numerous specialists deem that cloudcomputing technique may make healthcare services good
by reducing EHC (electronic-health-record) start-up costs,
such as software, equipment, employee, and various license
fees. These reasons will urge to adopt the relevant cloud

techniques. Let us see one instance of healthcare services in
which cloud technique is applied, the Healthcare Sensor
system can automatically collect the patients’ vital data of the
wearable devices which are connected to traditional medical
equipment via wireless sensor networks and then upload
these data to “medical cloud” for storage. Another typical
instance is the Sphere of Care by Aossia Healthcare, it is
started in 2015. These cloud-based systems can automatically
collect every day real-time data of users. It alleviates manual
collection burden so that the deployment of the whole
medical system is simpliﬁed. However, they may make
healthcare providers to face many challenges in migrating all
local health data to the remote cloud server, where the
paramount concerns are privacy and security since
healthcare administrator no longer completely deals with the
security of those medical records. After medical data are
stored on the cloud, they are possibly corrupted or dropped.
To make sure the intactness of the stored data in the
remote server, the patients or healthcare service providers
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expect that the stored data integrality can be periodically
checked to avoid the damage of the stored data. However,
for the individuals, one of the greatest challenges is how to
carry out the termly data integrality detection when the
individuals have the copy of local ﬁles. Meanwhile, the
method is also infeasible to conduct data integrality
veriﬁcation for a source-limited individual though retrieving the total data ﬁle.
To deal with the above issue, many specialists had
presented a number of problem-solving methods which aim
at the diverse systems and diverse security models in [1–20].
Nevertheless, most existing problem-solving methods had
built on public key infrastructure (for short, PKI). As everyone knows that the PKI-based auditing proposals exist
complex key management problem, data client needs to
conduct key updating, key revocation, and key maintaining,
and so on. Hence, the key management and certiﬁcate
veriﬁcation in the PKI-data auditing system will be a troublesome issue. Furthermore, PKC also needs more storage
space than the individual ID since key pair (PK, sk) needs to
be locally kept. For a veriﬁer, to guarantee data integrality, it
must ﬁrstly extract PKC from public key directory and then
verify whether public key certiﬁcate (for short, PKC) is valid.
Therefore, it also increases computation burden and communication overhead for the veriﬁer.
In 2014, the ﬁrst so-called ID-based data integrality
proposal was proposed by Wang et al. [13]. Strictly speaking,
their proposal is not a kind of identity-based auditing one
because the algorithm to generate metadata authentication tag
is not an idenity-based algorithm, but a PKC-based one. In
2015, Yu et al. put forward a generic method of constructing
identity-based public auditing system by integrating the
identity-based signature algorithm with traditional PDP
protocols in [15]. Their research is very signiﬁcant on studying
the ID-based public auditing system. However, in their
scheme, the algorithm to produce metablock authentication
tag is still to adopt a PKI-based one. Furthermore, in the
auditing phase, the auditor ﬁrstly veriﬁes the validity of an
identity-based signature on a public key PK, and then it
executes data integrity veriﬁcationby using this public key PK
again, which increases the computation burden of the auditor.
In 2016, Zhang and Dong brought forward a novel identitybased public auditing proposal in [16]. The proposal is the
identity-based public auditing system from the literal sense
since their algorithm to produce metadata authentication tag
is the ID-based signature algorithm. However, their scheme is
shown to be insecure in Appendix.
To increase eﬃciency and strengthen the security of IDbased auditing protocols, in this work, a secure and eﬃcient
ID-based auditing construction is proposed. For our construction, its original contributions are as follows:
(1) On the basis of the idea of homomorphic signature in
ID-based setting, we devise an authentic identitybased auditing proposal of data integrality. The
proposal can not only avoid the key managing, but
also relieve the auditor’s burden.
(2) In auditing the phase, our scheme has constant
communication overhead. Compared with the two

schemes [15, 16], our proposal has more advantages
with regard to computational cost and communication cost.
(3) In the random oracle model, the proposed proposal
has serious security proof, and the corresponding
proof can be tightly reduced to the CDH mathematic
problem.

2. Architecture and Security of System
In the following chapter, in order to better understand our
ID-based data integrality auditing protocol (ID-DIAP, for
short), we ﬁrstly give a description of the system model, and
afterwards the security model of our ID-DIAP for cloud
storage is deﬁned.
2.1. System Architecture. For our ID-DIAP system in cloud,
the architecture is composed of four entities: privacy key
generator (for short, the PKG), the third party veriﬁer/auditor
(for short, the TPA), cloud servers, and data user. The whole
systematic architecture is demonstrated in Figure 1.
To avoid biases in the auditing process, the TPA is
recommended to implement the audit function in our
system model. Detail function of each role in system architecture is described as below.
(i) Data User. It acts as a cloud user and possesses
a number of ﬁles which need to be uploaded to the
remote cloud server without local data copy.
Generally speaking, data user may be a resourcelimited entity due to the limited capability of storing
and computing. And it can ﬂexibly access at any
time and share the outsourced data.
(ii) Cloud Servers. They are composed of a group of
distributed servers and have tremendous capability
of storing and computing. Furthermore, it is answerable to save and maintain the stored ﬁles in
cloud. Nevertheless, the cloud server might be untrusted, and for its own proﬁts and a good commercial reputation, it might conceal data corruption
incidents for its cloud users.
(iii) The Third Auditor. It acts as a veriﬁer of data intactness. In principle, it has professional experience
and practical capability to take charge data integrality audit in the person of cloud users/data
users.
(iv) The PKG. It is a trusted entity and is duty bound to
build up system parameters and to calculate privacy
key of every cloud user.
For a cloud-based storing system, its goals are to alleviate
the burden of data storage and maintaining of cloud users.
Nevertheless, after data are uploaded to the remote sever in
cloud, it might lead to a potential security problem since the
uploaded data have been out of control for the data user and
the remote server in cloud is generally unreliable. Data user
might concern whether the stored ﬁles in cloud are intact.
Thus, the data user wants some security measures to ensure
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Figure 1: ID-based data storage model in cloud.

that the integrality of the outsourced data is examined
regularly without a local copy.
Deﬁnition 1 (identity-based data integrity auditing
protocol, ID-DIAP). In general, an ID-DIAP system contains the three stages:
(1) System Initialization Phase. In this phase, the PKG is
duty bound to produce system parameters. Therefore, it runs Setup(1k) algorithm to obtain system
parameters Para, the PKG’s key pair (mpk, mpsk) by
inputting λ which is a safety parameter. On the
contrary, the PKG also invokes KeyExtr(1λ, Para,
mpsk, ID) algorithm to calculate privacy key skID for
the data user with identity ID by inputting its mpsk
and Para as well as the identity ID of the data user.
(2) Data Outsourcing Phase. In this phase, for the data
owner (data user), it runs TagGen(M, skID) to generate
metadata authentication tag δi , on each data block mi
by inputting its private key skID and the outsourced
ﬁle M, where M � m1 ‖ . . . ‖mn . Finally, it uploads
metadata authentication tags δ � δ1 , . . . , δn  to the
cloud server.
(3) Data Auditing Phase: This phase is divided into three
subphases: Challenging, Proof, and Verifying. Firstly,
the auditor runs algorithm Challenging(Minfo) to
calculate Chall as the challenged information. After
receiving Chall, the cloud server runs Proof(M, δ, and
Chall) to calculate Prf as proving information, then
returns Prf to the auditor. At last, the auditor invokes
the algorithm Verifying(Chall, Prf, mpk, and Minfo)
to test whether the returned proving information Prf
is valid.
2.2. Diﬀerent Types of Attack and Security Deﬁnition. In the
subsection, we will analyze that our ID-DIAP system may be

confronted with diverse attacks in light of the behavior of
every role in the system architecture. In our system architecture, the PKG is the privacy key generator which calculates data user’s privacy key. In general, it is a credible
authority. We assume that the PKG does not launch any
security attack to the other entities in the whole system
model. For the third auditor, it is deemed to be an honestbut-curious entity and can earnestly execute every step in the
auditing course. And cloud server is considered to be unreliable. It might deliberately delete or alter rarely accessed
data ﬁles for saving storage space. It is a powerful inside
attacker in our security model. And the goal of the attacker is
to tamper and replace the stored data without being found
by the auditor. Because the cloud server is a powerful attacker in our security model, we mainly consider the attacks
[7] which are launched by the cloud server in this paper.
2.2.1. Forge Attack. The vicious cloud server may produce
a forged meta-authentication signature on a new data block
or fabricate the fake proving information Prf to deceive the
auditor by satisfying the auditing veriﬁcation.
2.2.2. Replace Attack. If a certain data block in the challenge
set was corrupted, the vicious cloud server would select
another valid pair (mi , δi ) of data block and authentication
tag to substitute the corrupted pair (mj , δj ) of data block and
data tag.
2.2.3. Replay Attack. It is an eﬃcient attack. With respect to
the vicious storage server in cloud, it might produce the
new proof information Prf ∗ without retrieving the challenge
data of the auditor though realizing the former proving
information Prf.

4

Journal of Healthcare Engineering

3. Our Public Auditing Construction
In the following, we will give the description of our ID-DIAP
system. It contains four entities: the PKG, cloud server, data
user, and TPA. And the whole system is composed of ﬁve
PPT algorithms. As for every entity and all algorithms, the
diagram of the framework is represented in Figure 2. To
clearly describe our protocol, the algorithms are given in
detail below.
3.1. Setup. For the sake of enhancing readability, some
notations used in our ID-DIAP system are listed in Table 1.
The PKG makes use of a parameter λ as an input and
generates two cyclic groups G1 and GT . The two groups
have the identical prime order q > 2k . And let P and T
be two generators of group G1 , where they satisfy P ≠ T.
And deﬁne a bilinear pairing map e: G1 × G1 → GT . Next, it
chooses two map-to-point cryptographic hash functions
H0 : {1, 0}∗ → G1 and H1 : {1, 0\}∗ → G1 and a resistantcollision hash function H2 : G1 × {1, 0}∗ → Zq . And the
PKG randomly chooses s ∈ Zq as its master privacy key,
calculates Ppub � sP as its public key. At last, public parameters Para are published as below:
Para � G1 , GT , q, e, P, T, H0 , H1 , H2 , Ppub .

(1)

And the PKG needs its master privacy key s to be secretly
kept.
3.2. Key Extraction. For a data user, to produce its privacy
key, it delivers its identiﬁcation ID to the PKG. Subsequently, the PKG utilizes its master privacy key s and ID to
implement the following process:
(1) Firstly, the data user delivers its identity information
ID to the PKG.
(2) Next, the PKG generates (DID0 , DID1 ) data user’s
privacy key, where
DID0 � sH0 (ID‖0),
DID1 � sH0 (ID‖1).

(2)

And then it goes back(DID0 , DID1 ) to the data user
through a secret and secure channel.
(3) Upon receiving the private key (DID0 , DID1 ), this data
user is able to test whether its privacy key is valid
through the following equations:
ePpub , H0 (ID‖0) � e P, DID0 ,

(3)

ePpub , H0 (ID‖1) � e P, DID1 .

3.3. TagGen Phase. For the upload data ﬁle M, ﬁrstly data ﬁle
M is divided into n blocks by the data user, namely,
M � m1 ‖m2 ‖ . . . ‖mn . To outsource this ﬁle M to the cloud,
the data user needs to randomly choose a pair (xID , YID )
which is a private-public key pair of a secure signature algorithm  � (Sig, Ver), for example, BLS short signature.

PKG
1 Setup

Cloud
server
6 Store data
file and
tags

2 Register ID
3 Produce
skd = (D0, D1)

5 Upload (δ1,…δn) and data file M

7 Challenge phase
8 Prove phase

Data owner
4 Generate tag
(δ1,…δn)

The third
auditor
9 Verifying phase

Figure 2: The relationship of the entities and algorithms.
Table 1: Notations in our ID-DIAP system.
Symbol
K
H0, H1, H2
S
T
Prf
Chall
Q
GT
G1
E
|I|

Meaning
A security parameter
Three hash functions
The master key of the PKG
A random generator of group G1
The proof information
The challenge information
A large prime number
A multiplicative group with the order q
An additive group with the order q
A bilinear pairing
The number of elements in set I

Let Name denote the identiﬁer of data ﬁle M, and then it
calculates the ﬁle authentication tag τ � τ 0 ‖  ·Sig(xID , τ 0 ),
where  ·Sig(xID , τ 0 ) denotes a secure signature on τ 0 , and
τ 0 denotes an information string τ 0 � “Name‖n”.
Subsequently, the data user needs to generate metadata
authentication tag on the data block. To compute block
authentication tags on all data blocks mi  i � 1, 2, . . . , n, the
data user uniformly samples r ∈ Zq to calculate R � rP.
Next, for i � 1 to n, it calculates metadata authentication
tag for data block mi by the following steps:
(1) First of all, it calculates

��
hi � H2 Indexi ��ID‖R‖0.

(4)

(2) And then, it makes use of its private key (DID0 , DID1 )
to compute
��
δi � rH1 Indexi ��Name + hi DID0 + mi DID1 .

(5)

(3) For data block mi , the resultant authentication tag of
the data block is θi � (R, δi ).
At last, the data user needs to upload all the metaauthentication tags (τ, R, δi  {i � 1, 2, . . . , n}) and the outsourced ﬁle M to the remote server in cloud.
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On obtaining all the aforementioned data (τ, R,
δj  j � 1, 2, . . . , n), the cloud server needs to execute the
following validation procedure:
For i � 1 to n, it veriﬁes the relation
��
�
e δi , P � eH1 Indexi �Name
, Rehi Q0 + mi Q1 , Ppub ,
(6)
where Q1 � H0 (ID‖1) and Q0 � H0 (ID‖0). If all relations
hold, then it parses τ into τ 0 and  ·Sig(xID , τ 0 ) and veriﬁes
the validity of signature
 ·Ver ·Sig xID , τ 0 , τ 0 , YID  � ? � 1.

(7)

If it is also valid, then the cloud server preserves these
data in cloud.
3.4. Challenge Phase. To audit the integrality of the outsourced
ﬁle M, ﬁrstly, the TPA parses τ into τ 0 and  ·Sig(xID , τ 0 )
and veriﬁes  ·Ver( ·Sig(xID , τ 0 ), τ 0 , YID ) � 1. If it does not
hold, then terminate it. Otherwise, it retrieves the corresponding ﬁle identiﬁer name and block size n.
Later on, the auditor picks a subset I⊆[1, n] randomly
where |I| � l and ρ ∈ Zq to generate a challenge information
Chall � ρ, I.

(8)

Finally, it delivers Chall to the cloud server as the
challenge.
3.5. Proving Phase. After obtaining the corresponding
challenge information Chall � I, ρ, for i ∈ {1, . . . , |I|},
cloud server calculates vi � ρi modq, and then it produces
a set Q � i, vi {i∈I}.
Subsequently, in light of the outsourced data ﬁle M �
m1 , . . . , mn  and meta-authentication tag θi of each block,
i ∈ {1, 2, . . . , n}, it produces as follows:
δ �  vj · δ j ,
j∈I

(9)

μ �  vj · mj .
j∈I

Finally, the cloud storage server goes back 3-tuple Prf �
(δ, μ, R) to the auditor as the corresponding proof
information.
3.6. Verifying Phase. To check the outsourced data’s integrality in cloud, after receiving the responded proof information Prf � (δ, μ, R), the third auditor calculates as
below:
h �  vi · hi ,
i∈I

��
H �  vi · H1 Indexi ��Name,
i∈I

where hi � H2 (indexi ‖ID‖R‖0) for i ∈ I.

(10)

Then, it checks the validity of the following equation:
e(δ, P) � e(H, R)ehQ0 + μ · Q1 .

(11)

If the aforementioned Equation (11) satisﬁes, then the
TPA outputs VerifyRes as true; if not, it outputs VerifyReS as
false.

4. Security Analysis
To show our proposal’s security, we will demonstrate that
our proposal is proven to be secure against the above three
attacks.
Theorem 1. Assume there exists a PPT adversary Adv that is
probabilistic polynomial-time attacker (for shot PPT) and can
cheat the auditor using invalid proving information Prf which
is forged by the adversary Adv (the dishonest cloud storage
server) in a nonignorable probability ε, then we are able to
design an algorithm $B$ that can eﬃciently break the CDH
assumption by invoking Adv as subprogram.
Proof. Let us suppose that a PPT adversary {Adv} is capable
to calculate a faked proving information Prf after the data
blocks or metadata authentication tags are corrupted,
then we are capable of constructing another a PPT algorithm B which is capable of breaking the CDH assumption
by utilizing the adversary Adv. First of all, let a 3-tuple
(P, aP, bP) ∈ G1 be a CDH assumption’s random instance, it
is hard to obtain the solution abP.
To show the security proof, hash function H0 in the game
is regarded as random oracle, and identity ID of each data
user is only made H0 -query once. For H1 and H2 , they only
act as one-way functions. In addition, the adversary Adv is
capable of adaptively issuing the queries to three oracles:
{H0 -oracle}, {Key-Extract oracle}, and {TagGen oracle}.
Setup. Choose two cyclic groups G1 and GT , and their orders
are the same prime number q. The algorithm B ﬁrstly sets
Ppub � aP as the public key of the PKG. Let H0 , H1 , and H2
be three hash functions. Finally, it sends public system
parameters (G1 , GT , P, T, q, Ppub , e, H0 , H1 , H2 ) to the adversary {Adv}. And let j∗ ∈ 1, . . . , qH0  be a challenged
identity index of the data user.
H0 -Hash Oracle. The adversary {Adv} submits a query
to H0 -oracle with an identity IDi . If the index of identity
IDi satisﬁes i ≠ j∗ , then the challenger B picks ti0 , ti1 ∈ Zq
randomly to set up H0 (IDi ‖0) � ti0 P � hi0 and H0 (IDi ‖1) �
ti1 P � hi1 . Otherwise, the challenger B uniformly samples
t∗1 and t∗0 from Zq to set up
��
hi0 � H0 IDi ��0 � t∗0 bP,
(12)
��
hi1 � H0 IDi ��1 � −t∗1 bP.
In the end, the 5-tuple (IDi , hi0 , hi1 , ti0 , ti1 ) is added in the
H0 -list being initially empty.

6

Journal of Healthcare Engineering

Key Extraction Oracle. For a key extraction query, {Adv}
submits an identity information IDi to key extraction oracle.
To response it, the challenger B calculates the following:
(1) If the identity index of IDi satisﬁes i ≠ j∗ , then B
looks for 5-tuple (hi0 , hi1 , IDi , ti0 , ti1 ) in the H0 -list.
If it exists, B sends Di0 � ti0 aP, Di1 � ti1 aP to the
adversary Adv; otherwise, it implicitly queries
a H1 -Oracle with identity IDi .
(2) Otherwise, B terminates it.
TagGen Oracle. If the adversary {Adv} submits 3-tuple (M,
IDi, Name) to TagGen Oracle for authentication tag query,
where M � m1 ‖ . . . ‖mn and Name is the ﬁle identiﬁer of
data ﬁle M. To response it, the challenge B calculates the
following:
(1) First of all, it searches the H0 -list to check if IDi
exists. If it is, then the corresponding 5-tuple
(hi0 , hi1 , IDi , ti0 , ti1 ) in the H0 -list is returned. Otherwise, B needs to query H0 -Oracle with identity
information IDi.
(2) If the identity index satisﬁes i � j∗ , then the challenge B aborts it. Otherwise, it produces authentication tags on data ﬁle M by the following process:
(a) Firstly, for ﬁle identiﬁer “Name,” it picks
rname ∈ Zq randomly to calculate Rname � rname P.
(b) Next for l � 1 to n, it calculates
��
�� ��
hil � H2 Indexl ��IDi ��Rname ���0.
(13)
And then for l � 1 to n, B calculates data block m1 ’s
authentication tag as
��
δil � rname · H1 Indexi ��Name + hil ti0 + ml ti1 Ppub ,
(14)
and adds (IDi , Rname , ml , δil {1 ≤ l ≤ n}) to the Tag list which
is initially empty.
(3) Finally, it returns (IDi , Rname , ml , δil {1 ≤ l ≤ n}) to
the adversary {Adv}.
Output. In the end, for a challenge information (i, vi ), i ∈ I,
the adversary Adv outputs a fake proving information
(δ∗ , μ∗ , R∗ ) on data user’s the corrupted ﬁle M∗ in a nonneglected probability ε, where the data user’s identity is ID∗ .
Adv wins this security game if and only if the following
constraint condition holds:
(1) ID∗ � IDj
(2) Prf ′ � (δ∗ , R∗ ) can pass veriﬁcation equation (11)
(3) Prf ′ ≠ Prf, where Prf � (δ, R, μ) should be a legitimate proving information for the challenge information (i, vi ), i ∈ I and the data ﬁle M which
satisﬁes M′ ≠ M
When the adversary Adv wins this game, then we are
capable of obtaining the following:

∗
e δ∗ , P � e H, R∗ eh · QIDj0 + μ∗ QIDj1 , Ppub ,

e(δ, P) � e(H, R)eh · QIDj0 + μQIDj1 , Ppub ,

(15)

where h � i∈I vi H2 (Indexi ‖R∗ ‖IDj ‖0) and h∗ � i∈I vi H2
 � i∈I vi · H1 (Indexi ‖Name)
(Indexi ‖R∗ ‖IDj ‖0) because H
is computed by the veriﬁer, and for the same data ﬁle, R � R∗
and h∗ � h. Thus, we have
e δ − δ∗  � ePpub , μ − μ∗ QIDj ,
⇓
e δ − δ∗  � e aP, μ − μ∗  −t∗1 bP,

(16)

⇓
abP �

1
δ − δ∗ .
μ − μ∗  · t∗1

It indicates that the CDH assumption is able to be
broken with nonneglected probability ε′ . Apparently, it is
impossible since it is a hard problem to solve the CDH
problem.
Theorem 2. For a malicious cloud server, its replay attack in
our proposed auditing proposal can eﬃciently be resisted.
Proof. The proof in detail is very alike with the security proof
in [16]. Hence, it is left out due to the limited space.

5. Performance Evaluation
To eﬃciently evaluate our proposal’s performance, in the
following part, we show that our proposal is eﬃcient by
comparing with Yu et al.’s proposal [15] and Zhang and
Dong’s proposal [16] in the light of computational cost and
communication overhead, where Zhang and Dong’s proposal [16] which is the state-of-the-art identity-based
public auditing schemes in the aspect of communication
overhead.
5.1. Computation Costs. To evaluate the computation costs
of our proposal, we would like to contrast our proposal
with Zhang and Dong’s proposal [16] and Yu et al.’s
proposal [15] since the two schemes are recent two eﬃcient
ID-based public auditing schemes. We emulate the operators adopted in the three schemes on an HP-laptop
computer with an Intel-Core i3-6500 CPU at 2.4 GHz
processor and 8 GB RAM and all algorithms are implemented using the MIRACL cryptography library [21, 22],
which is used for the “MIRACL-Authentication ServerProject Wiki” by Certivox. We employ a Super-singular
elliptic curve over ﬁeld GFp, which has the 160-bit modulus
p and a 2-embedding degree. Moreover, in our experiments, the whole statistical results are from the mean values
of 10 simulation trials.

Journal of Healthcare Engineering

5.2. Communication Cost. In a data audit system, communication costs mainly come from two aspects. On the
one hand, it is from the outsource phase of the dataﬁle; on
the other hand, it is from the auditing phase. In the outsource phase, data owner uploads data ﬁle and the corresponding meta-authentication tags. As far as our
proposal, the data owner wants to upload (n + 1)|G_1| + |M|
bits to cloud storage server; however, in the proposals
[15, 16], the data owner wants to upload (n + 3)|G_1| + |M|
bits and 2n · |G_1| + |M| bits, respectively. Here, |G_1|
represents the bit length of an element of group G1, |M|
denotes the bit length of data ﬁle, and n is the number of
data blocks.

1800
1600
Computation time (ms)

For explicit demonstration, we use MulG1 to denote
point multiplication operation, and let Hash and Pairing be
one hash-to-point operation from Zq to G1 and a bilinear
pairing operation, respectively. For a public auditing protocol, the computational cost in the TagGen phase is mainly
determined by computation of producing block authentication tags. To outsource a data ﬁle, the data user requires
(3n + 1) MulG1 + n hash to produce block authentication tag
in our construction; in Yu et al.’s proposal and Zhang et al.’ s
proposal, each data user needs (n + 1)Hash + (2n + 2) MulG1
and 4n MulG1 to calculate metablock authentication tag,
respectively, where n is the numbers of data block. In
Figure 3, we show the simulation result of generating the
block authentication tag for the size of diverse data blocks
with the identical data ﬁle.
From Figure 3, we can know that, in the TagGen phase,
Zhang et al.’s proposal is the most time-consuming and
Yu et al.’s proposal is the most eﬃcient. Our proposal is
slightly slower than Yu et al.’s one since the algorithm to
produce the block authentication tag is a public key
certiﬁcate-based signature algorithm in Yu et al.’s proposal; however, the algorithm, which is used in our
proposal, is the ID-based signature algorithm. Because
block authentication tags for the data ﬁle can be produced
in the oﬀ-line phase, it has a little inﬂuence on the whole
protocol.
In auditing the veriﬁcation phase, the computational
cost mainly comes from verifying proof information. It is
determined by the numbers of the challenge data blocks. For
our construction, to check the validity of proving information, the auditor requires 3pairing + c Hash + (c + 2)
Mul_{G_1}; however, in the other two proposals, the TPA
needs to execute 3Pairing + 2MulG1 and 5Pairing + (c + 2)
MulG1 + c Hash to check the integrality of the stored ﬁle in
cloud, respectively, where c expresses the size of the challenge subset. In Table 2, we give their comparison of
computational time in the diﬀerent challenge subset.
According to Table 2, we infer that the proposal in [16] is
the most eﬃcient. Our proposal is slightly more eﬃcient
than the proposal in [15]. However, the proposal in [16] is
shown to be insecure, and its detail attack is shown in
Appendix. At the same time, we also ﬁnd that the TPA’s
computational costs grow linearly with the size of the
challenge subset.
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Figure 3: Computational cost of authentication tag generation for
diﬀerent block numbers.

Table 2: Comparison of computation time in the auditing phase.
Scheme
Computation time in
Yu et al.’s scheme (s)
Computation time in
Zhang et al.’s scheme (s)
Computation time in
our scheme (s)

The number of the challenged blocks
c � 300
c � 460
c � 1000
0.644

0.9733

2.31

0.109

0.161

0.333

0.616

0.9367

2.02

In the auditing phase, communication costs are mainly
from the challenge information and proving information
transmitting between the TPA and cloud storage servers. In
our scheme, the challenge information Chall is |Z_q| + |I|
bits, proving information is 3·|G_1| bits, and thus, the total
communication overhead is |Z_q| + |I| + 3·|G_1| bits, where
|Z_q| represents the bit length of an element in group Zq
and |I| is the size of the challenge subset. In the proposal
[16], the total communication cost is 2|Z_q| + |I| + 2·|G_1|
bits in the auditing phase; in the proposal [15], the total
communication costs is (2 + |I|)|Z_q| + |I| + 5·|G_1| bits in
the auditing phase. Their comparison in detail is shown in
Table 3.
As shown in Table 3, our scheme has the least communication overhead among three schemes.
5.3. Security Comparison. According to Theorem 1, we
know that our scheme is provably secure against the
vicious cloud server in the computational Diﬃe–
Hellman assumption, and it has tight security reduction.
For Yu et al.’s proposal in [15], their proposal is also
provably secure against the vicious cloud server under
the CDH assumption. However, for Zhang and Dong’s
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Table 3: Comparison of communication overhead and security among three schemes.

Scheme
Zhang et al.’s scheme
Our scheme
Yu et al.’s scheme

Challenge information (bits)
|I| + |Zq |
|I| + |Zq |
|I||Zq | + |I| + 2|G1 |

Proof information (bits)
|Zq | + 2|G1 |
3|G1 |
2|Zq | + |I| + 3|G1 |

proposal [16], it is shown to be insecure against the
vicious cloud server attack. A vicious cloud server is
capable of deleting the whole ﬁle without being conscious of the TPA, and the detail security analysis is given
in Appendix.

Total (bits)
2|Zq | + 2|G1 | + |I|
|Zq | + 3|G1 | + |I|
(2 + |I|)|Zq | + 3|G1 | + |I|

Security
No
Yes
Yes

⎝ υ δ + υ r T, P⎞
⎠
e δ ∗ , P � e ⎛
i i
i a
i∈I

⎝  υ r m T + h D + h′ D 
� e⎛
i i i
i ID0
i ID1
i∈I

⎠
+ υi ra mi T, P⎞

6. Conclusion
In this work, we present a novel identity-based public audit
system by merging the homomorphic authentication
technique in the ID-based cryptography into the audit
system. Our proposal overcomes the security problem and
eﬃciency problems which have existed in the ID-based
public audit systems. Finally, the proposal is proven to be
secure, their security is tightly relevant to the classical CDH
security assumption. By compared with two eﬃcient IDbased schemes, our scheme outperforms those two IDbased schemes under the condition of overall considering
computation complexity, communication overhead, and
security.

� e  υi ri mi T + ra mi T, P
i∈I

⎝ υ h D + h′ D , P⎞
⎠
· e⎛
i
i ID0
i ID1
i∈I

⎝T,  υ r + r m P⎞
⎠
� e⎛
i i
a
i
i∈I

⎝⎛
⎠
⎝ υ h D +  υ h′ D ⎞
⎠ ⎞
· e⎛
i i
ID0
i i
ID1 , P
i∈I
∗

(1) Suppose that FM is an outsourced ﬁle. It is ﬁrstly
partitioned into n blocks, i.e., FM � m1 ‖ . . . ‖mn .
And πi � (δi , Ri ) is a meta-authentication signature
of each block mj , for j � 1, . . . , n.
(2) For a vicious cloud storage cloud, it calculates
hi � H2 (mi ‖ID‖Ri ‖0), 1 ≤ i ≤ n.
(3) Subsequently, it uniformly samples a number
 i � mi Ri + ra mi P and δi � δi +
ra ∈ Zq to compute R
ra mi T for i � 1, 2, . . . , n. And delete all data blocks
mi from the cloud server for i � 1, . . . , n.
(4) After the challenge information Chall � (ρ, I) is
received; the vicious remote server in cloud ﬁrstly
calculates vi � ρi mod q for i ∈ I.
(5) Then, it calculates δ∗ � i∈I vi δi , h∗ � i∈I vi hi , and
 i . Note that hi has been calculated in
R∗ � i∈I vi · R
step 2.
(6) The forged proof information is Prf ∗ � (δ∗ , h∗ , R∗ ).
Since the forged proof information satisﬁes the
relation

∗

� e T, R  · eh DID0 + h′ DID1 , P.

Appendix
For a vicious s cloud storage server, its attack is conducted as
follows:

i∈I
∗

(A.1)
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The rapid development of mobile health technology (m-Health) provides unprecedented opportunities for improving health
services. As the bridge between doctors and patients, mobile health applications enable patients to communicate with doctors
through their smartphones, which is becoming more and more popular among people. To evaluate the inﬂuence of m-Health
applications on the medical service market, we propose a medical service equilibrium model. The model can balance the
supply of doctors and demand of patients and reﬂect possible options for both doctors and patients with or without m-Health
applications in the medical service market. In the meantime, we analyze the behavior of patients and the activities of doctors to
minimize patients’ full costs of healthcare and doctors’ futility. Then, we provide a resolution algorithm through mathematical
reasoning. Lastly, based on artiﬁcially generated dataset, experiments are conducted to evaluate the medical services of
m-Health applications.

1. Introduction
Healthcare performs an important role in people’s health and
life quality. Healthcare spending in China is increasing rapidly. The country’s annual expenditure is projected to grow
at an average rate of 11.8 percent a year from 2014 to 2018,
reaching $892 billion by 2018 [1]. Despite these positive
numbers, people still have to pay expensive costs when they
go to hospitals for medical services. Besides, the people, especially for rural and remote area people who need medical services, have no alternative choice but travel to other cities to
receive healthcare services and consultation. What is more,
before consulting doctors, people may have to wait for a long
time for diagnostic examinations. All of those will increase
their commuting and waiting costs. In addition, many developing countries have a large population, while the medical
staﬀ are insuﬃcient. For example, China only has 1.94 physicians and 0.83 health workers for every 1000 patients, far
behind the Millennium Development Goal that every 1000
people need at least 2.5 medical staﬀ for healthcare. [2]
Because of the limited capacity and resources of the government and Information and Communication Technologies
(ICT), the medical service system in China is unsound.

Meanwhile, technologies have been advanced to improve
the medical services, such as telemedicine [3] and mobile
health [4]. Traditionally, patients always go to the doctors
in hospital, which is not very convenient. This way can
increase healthcare costs. Due to the advance of mobile and
wireless communication technologies, people can receive
medical services by their smartphones rather than having to
go to hospitals. There are a total of 5 billion mobile phones
in the world, of which more than 1.08 billion are smartphones. So, each of the 80% of the world population owns a
smartphone [5]. The number of smartphones will soar to
16.8 billion globally by 2019 [6]. With the increase of mobile
devices, various mobile health (m-Health) applications, such
as MD, iTriage, UK’sNHS, Mayo Clinic’s Health App, and
Spring Rain Doctor, have emerged in recent years. For
example, Spring Rain Doctor, one main m-Health application in China, has reached 92 million users [7]. Spring Rain
Doctor is the largest mobile doctor-patient communication
platform in the world. In the medical service market,
patients have the need for recovery. They can consult doctors and get services, expecting to spend as little as possible.
As service providers, doctors will naturally want to get more
pay. Taking Spring Rain Doctor as an example, for patients,
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they can get quick consultation services wherever and
whenever they need. They could know more about the disease and treatment measures as well. It can help patients
reduce the costs of time, space, and money and prevent
excessive medical treatment. For doctors, Spring Rain Doctor
can help doctors fully utilize their fragmented time. The doctors can increase their income by the convenient Internet
communication and establish personal brand. In the meantime, doctors can decrease misdiagnosis rate by adding big
data system auxiliary outside of doctor-patient multidirectional interaction. As the bridge between doctors and
patients, m-Health applications will have a major eﬀect on
people’s health.
The term m-Health was coined by Robert Istepanian as
use of “emerging mobile communications and network technologies for healthcare” in 2005 [8]. m-Health is a subarea of
eHealth. People can use mobile phones or mobile telecom
equipment to receive health services and information. But
m-Health cannot replace e-Health [9]. m-Health can help
patients to receive health services using information and
communication technologies. This convenient and eﬃcient
way can reduce treatment costs. The applications (apps) of
m-Health can help people to change their unhealthy lifestyle
and form good habits [10]. Steinhubl et al. [11] provided a
comprehensive review of the emerging ﬁeld of mobile health
and the challenges we faced. Recently, many smartphonebased m-Health applications have been developed for medical purposes. Sclafani et al. [12] conducted an investigation
of mobile tablet and applications by email. Nearly half of tablet users said that they would use mobile tablet and applications to get health services. Based on fundamental features
of m-Health for physical activity, Ayubi et al. [13] developed
an m-Health application successfully. According to relevant
literatures of m-Health platform’s beneﬁts and standards,
Whiteside [14] examined some m-Health applications. In
order to deal with alert messages, Kafeza et al. [15] developed
a model for mobile devices to receive medical task alerts. In
order to investigate how to interconnect biomedical sensors
in a wireless body area network, Bao et al. [16] proposed a
novel solution to tackle the problem of entity authentication
in body area sensor network (BASN) for m-Health. To overcome the scarcity of follow-up health services for cancer,
Tiancheng et al. [17] designed a smartphone app framework.
The framework can make risk assessment for the patient’s
health condition and supervise the follow-up health services.
After analyzing the usage characteristics of a mobile health
application, Garibay et al. [18] found that the app named
Heartkeeper was useful to improve the quality of medical services for patients. After exploring the beneﬁts and challenges
of health mobile apps for patients with type 2 diabetes, Peng
et al. [19] provided the acceptability, feasibility, and eﬀectiveness of mobile apps for patients’ compliance behavior, selfmanagement, and self-care ability. After describing the use
and acceptability of m-Health by patients with HIV/tuberculosis and healthcare providers, Hirsch-Moverman et al. [20]
found that the m-Health intervention was a low-tech, userfriendly intervention. To promote the development of mHealth, Jones et al. [21] proposed a model-driven design
and development methodology. From the above studies, we
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can see that all of the studies have illuminated the roles of
m-Health applications including medical service reminders,
arranger, recorder, transmitter, mentor, and intervener.
These m-Health applications can improve patients’ life quality. However, none of the studies have estimated the eﬀect of
communication of m-Health application and the impact on
patients and doctors with or without m-Health applications.
In fact, in many cities such as New York City and most
cities in China, m-Health applications are widely adopted
by doctors and patients. For example, a mobile health app
is named My Medical™. Patients can store and send their
medical records to doctors by pressing the button on it.
And doctors also can give replies to patients by the app.
Besides, doctors can communicate with patients by another
app named Doximity, send secure HIPAA faxes, and follow
information about their specialty [22]. In China, Spring Rain
Doctor [23] allows patients to communicate with doctors
about their health issues directly by their telephones.
To estimate the impact of m-Health applications on
these medical service markets, this paper proposes an equilibrium model. The model can balance the supply of doctors
and demand of patients and reﬂect possible options of both
doctors and patients with or without m-Health applications
in the medical service market. Both doctors and patients
have the right to use or not use the m-Health application
and also have the right to accept or not accept each other.
The earlier work by He and Shen [24] is adopted to describe
the possible adoptions of both doctors and patients of the
m-Health applications. The purpose of the patients is to
minimize their own full costs of healthcare including the
consultation fee and waiting and medical service time costs.
Doctors can get as much pay as possible by minimizing their
own futility.
The main contributions of this paper are as follows:
(i) We redesign the futility function. The futility function in this paper mainly considers the waiting time
of doctor, consulting income, and attractiveness of
patient’s disease information to doctor.
(ii) In this paper, both patient’s disease information and
doctor registration information is considered in the
matching process between doctors and patients,
which is based on the need of patients and doctors.
(iii) We construct a mobile health medical service market network based on a hypothetical distribution
platform in the experiment. The results show that
the model could balance the supply of doctors and
demand of patients.
The paper is structured as follows. The next section
describes the problem and analyzes the behavior of patients
and the activities of doctors to minimize patients’ full costs
of healthcare and doctors’ futility. The following section
deﬁnes the model and provides a resolution algorithm by
mathematical reasoning. Numerical examples are presented
in Section 4 to demonstrate characteristics of the medical service system with the m-Health application. Lastly, Section 5
concludes the paper.
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2. Characterization of Doctor-Patient
Assignments

(i) Qij is the number of patient demand between D–P
pairs i, j using mode 1.

In this section, we ﬁrst present the problem formulation and
basic consideration of our problem. Then, we characterize
our problem from two perspectives of both patients and
doctors based on the earlier work of He and Shen [24].

(ii) Qij is the number of patient demand between D–P
pairs i, j utilizing mode 2, “p” stands for patient,
p1
p2
and Qij + Qij = Pij .

2.1. Problem Formulation and Basic Consideration

(iii) W j is the average waiting time of patients j using
mode 1.

2.1.1. Problem Formulation. Given a mobile health medical
service market network which consists of both doctors and
patients, our research problem is how to assign doctors
and patients, meet the supply of doctors and demand of
patients within the network, and meanwhile minimize
patients’ own full costs of healthcare and idle doctors’
own futility.
We suppose that the m-Health application is widely
available to doctors and patients. In the rest of this article,
mode 1 represents the medical services that patients and
doctors communicate with each other in the hospital. Mode
2 denotes the medical services that patients and doctors
communicate with each other by utilizing the m-Health
application. Both doctors and patients can choose each other
through mode 1 and mode 2. In mode 2, a patient can send a
request to a doctor through the m-Health application. A doctor can or cannot accept the request according to his/her
spare time. If a doctor accepts the request, a consultation
connecting process will be completed. After that, the doctor
should communicate with the patient and give medical
advice and then charge the patient for the consultation. The
waiting time of doctors and patients is common in the consultation process. To simplify research, we only consider
the common costs of the two models. In this paper, the
patients’ full costs of healthcare consist of consultation fee
and waiting and medical service time costs.
2.1.2. Basic Deﬁnition and Setting. In the network, we need to
make some assumptions and settings. We consider that medical service supply and patient demand are stationary in one
unit period (i.e., one hour).

p1

p2

p1

p2

(iv) W ij is the average waiting time of patients consulting through mode 2.
p1

(v) Cij is the full costs of healthcare for patients’ medical services using mode 1.
p2

(vi) Cij is the full costs of healthcare for patients’ medical services through mode 2.
Considering the above costs of two service modes,
patients will choose the way of medical services to minimize
their own healthcare costs. Therefore, we can get the patients’
healthcare costs of two modes. As shown in
p1

p1

p2

p2

C ij = F ij + μ1 W j + μ2 t ij ,

where μ1 and μ2 are the cost values of patients’ waiting time
and medical service time; Z denotes the patients’ waiting time
due to doctor’s departure during consultation process of
mode 2.
Therefore, the probabilities of a patient consulting a doctor through modes 1 and 2 are as follows:
(1) P1: the probability of a patient consulting a doctor
through mode 1 is given by the logit model [24], as
shown in
p1

P1 =

Qij
p1

p2

Qij + Qij

(i) I is the set of locations of doctors.
(ii) J is the set of locations of patients.

p1

=

(iii) ϕ represents the set of D–P (doctor-patient) pairs.
(iv) Pij is the number of patients’ demand between D–P
pairs i, j ∈ φ in one unit time.
(v) t ij is the average medical service time between D–P
pairs i, j ∈ φ in one unit time.
(vi) F ij is the consultation fee between D–P pairs i, j
∈ φ of the two modes.

exp −ω1 Cij
p1

exp −ω1 C ij

p2

+ exp −ω1 Cij

∀ i, j ∈ φ
2

(2) P2: the probability of a patient consulting a doctor
through mode 2 is given by the logit model, as
shown in
p2

P2 =

The last three parameters are ﬁxed and given.
2.2. Behavior of Patients. For the way to see a doctor,
we give some notations which will be used in the mathematical model.

1

C ij = F ij + μ1 W ij + μ2 t ij + μ1 Z,

Qij
p1

p2

Qij + Qij

p2

=

exp −ω1 C ij
p1

exp −ω1 Cij

p2

+ exp −ω1 C ij

∀ i, j ∈ ϕ,
3
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where ω1 is a nonnegative parameter and reﬂects the
degree of uncertainty about the patients’ demand.

t
id1
U id1
ij = −F i + π W i + t i − y j

From (1), (2), and (3), we get

t
id2
U id2
ij = −F ij + π W ij + t ij + Z − y j

p1

Qij = Pij ⋅ P1
p2

Qij = Pij ⋅ P2

∀ i, j ∈ φ,
∀ i, j ∈ φ

4

2.3. Activities of Doctors. Accordingly, we also deﬁne some
variables for doctors’ activities in the network.
(i) N is the doctors’ activities time, including occupied
doctors’ time and idle doctors’ time,
(ii) T od
ij is the number of occupied doctor (number of
persons/h) between D–P pairs i, j and “od” represents occupied doctors.
(iii) ∑ij∈φ T od
ij t ij is the total medical service time of all
occupied doctors per unit time.
(iv)

p1

p1

p1

id1

T i = 〠 T id1
i ,

(ix) U id1
ij is the futility of idle doctors accepting patients
using mode 1.
(x) U id2
ij is the futility of idle doctors accepting patients
through mode 2.
id1

(xi) T i is the total number of idle doctors that receive
the next patient using mode 1.

id2

T i = 〠 T id2
ij ,
i, j ∈φ
id1

Considering the total activity time of doctors, we can
obtain
id1
id1
id2
N = 〠 T od
W id2
ij t ij + 〠 T i W i + 〠 T ij
ij + Z
ij∈φ

ij∈φ

5

ij∈φ

After completing one consulting activity, doctors will
determine whether to receive the next patient to minimize
their futility. The futility functions for idle doctors [25] are
as follows:

8

id2

〠 T od
ij = T i + T i

i, j ∈φ

9

Formula (9) dictates that for a given hour, the number of
doctors completing medical services should equal the number of idle doctors.
Then, we can obtain the probabilities of an idle doctor
receiving the next patient through modes 1 and 2.
(3) P3: the probability of an idle doctor seeking the next
patient through mode 1 is given by the logit model
id1

P3 =

Ti
id1

id2

Ti + Ti

=

exp −ω2 Lid1
i
+ exp −ω2 Lid2
exp −ω2 Lid1
i
i
10

(4) P4: the probability of an idle doctor seeking the next
patient through mode 2 is given by the logit model

id2

(xii) T i is the number of idle doctors seeking the next
patient through mode 2.

p1

7

i∈I

(v) W id2
ij is the average waiting time of doctors receiving patients utilizing mode 2.

(viii) VT is the total unoccupied doctors’ service time
id2
id1
in one unit time, VT = ∑ij∈φ T id1
i W i + ∑ij∈φ T ij
W id2
ij + Z .

6

F ij Qij / ∑ i, j ∈φ Qij
and t i = ∑ i, j ∈φ t ij Qij / ∑ i, j ∈φ Qij ;
y j is the attractiveness of patient j’s disease information to
idle doctors that receive the next patient through mode 2;
and y j represents the average attractiveness of patient j’s disease information to idle doctors that receive the next patient
p1
p1
through mode 1, with y j = ∑ i, j ∈φ y j Qij / ∑ i, j ∈φ Qij .
After analyzing the doctors’ activity behavior and the
futility functions, we can know that the idle doctors can
accept the next patient in the hospital (mode 1) or through
m-Health applications (mode 2). And we can get

is the number of idle doctors utilizing mode 2
to receive patients’ requests, and “id” stands for idle
doctors.

(vii) W id1
i is the average waiting time of doctors receiving patients’ requests through mode 1.

∀ i, j ∈ φ,

where πt represents the doctor activity cost in one unit
time; F i and t i denote the average consulting income
and occupied waiting time of mode 1, with F i = ∑ i, j ∈φ

T id2
ij

(vi) T id1
i is the number of idle doctors utilizing mode 1
to receive patients’ requests.

∀ i, j ∈ φ,

id2

P4 =

Ti
id1

id2

Ti + Ti

=

exp −ω2 Lid2
i
+ exp −ω2 Lid2
exp −ω2 Lid1
i
i

,
11

where ω2 is the dispersion coeﬃcient of the logit
choice model.
The probabilities of choosing patient j as the next patient
by an idle doctor through modes 1 and 2 are as follows:
(5) P5: the probability of choosing patient j as the next
patient by an idle doctor through mode 1 is shown in
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P5 =

T id1
ij
id1

Ti

=

5

3. Stationary Equilibrium of Medical Service

exp −ω3 U id1
ij
〠 i, j ∈φ exp

12

−ω3 U id1
ij

(6) P6: the probability of choosing patient j as the next
patient by an idle doctor through mode 2 is shown in

P6 =

T id2
ij
id2

Ti

=

exp −ω4 U id2
ij
〠 i, j ∈φ exp

−ω4 U id2
ij

,

13

where ω3 and ω4 are the dispersion coeﬃcients of the
logit choice model.
From above formulas, we can get the log sums of the
futility of idle doctors seeking their next patient through
id1
modes 1 and 2, that are Lid1
i = − 1/ω3 ln ∑i exp −ω3 U ij
id2
and also ω3 ≫ ω2
and Lid2
i = − 1/ω4 ln ∑ i, j ∈φ exp −ω4 U ij
and ω4 ≫ ω2 [26].
In a stationary equilibrium state, no matter how a patient
sees the doctor, the patient will receive medical services after
waiting a certain time. So
p1

〠 T id1
i = 〠 Qij ,
i∈I

14

i, j ∈φ

p2

〠 T id2
ij = 〠 Qij
i∈I

15

i, j ∈φ

In the network, medical service process is a mutual selection process in which patients can search for doctors and
doctors also can search for patients.
Based on the Cobb–Douglas-type production function
[25], we can get the waiting time function of mode 1.
If 0 < α1 , α2 < 1, we get
p1

W j = Aj

− 1/α1

− α2 /α1

1−α1 /α1
p1

〠 Qij

id1
W id1
i 〠T i

,

i∈I

i, j ∈φ

16

where α1 is the meeting rate elasticity of the number of
unserved patients, α2 is the meeting rate elasticity of the
number of idle doctors, A j is a zone-speciﬁc parameter,
id1
W id1
i ∑i∈I T i denotes the total waiting hours of the idle docp1
tor using mode 1 of zone i, and ∑ i, j ∈ϕ Qij is the unserved
patient number of zone i.
p1
id1
.
If α1 = α2 = 1, we obtain W j = 1/ A j W id1
i ∑i∈I T i
Similarly, we can also get the waiting time function of
mode 2.
p2
W ij is shown as
p2
W ij

= A

− 1/α1

〠
i, j ∈ϕ

p1

p2

T id
ij = Qij + Qij ,

18

where (4) describes the choices of patients; (5), (6), (7), (8),
(9), (10), (11), (12), (13), (14), and (15) characterize doctor
activities in the network; and (16) and (17) calculate the
patient waiting time of two modes.
3.2. Solution. If the medical service demand of patients, the
average medical service time, and regulated consultation fee
between each D–P pair are ﬁxed and given, a stationary equilibrium in the medical service network can be achieved. The
condition of the equilibrium is a series of nonlinear equations; so, we apply Brouwer’s ﬁxed-point theorem to get the
solution of the equilibrium.
Theorem 1 (Brouwer’s ﬁxed-point theorem) [27]. Every continuous function from a convex compact subset of a Euclidean
space to itself has a ﬁxed point.
It states that for any continuous function ψ H → H
mapping a compact convex set H into itself, there is a point
θ ∈ H such that ψ θ = θ.
According to Brouwer’s ﬁxed-point theorem, we need to
do the following two steps:
Step 1. We need to deﬁne a convex compact set.
According to the equilibrium, we can deﬁne H =
p1
p2
Qij , … , Qij , …

p1
∣ Qij

p2
+ Qij

= Pij , ∀ i, j

p1
p2
∈ φ ; Qij , Qij

…,
≥0

as the convex compact set.
Step 2. We need to construct a continuous function.
We consider the artiﬁcial entropy-type minimization
problem (AE) as the continuous function:

− α2 /α1

1−α1 /α1
p2
Qij

3.1. Equilibrium Deﬁnition. The rapid development of
mobile health technology (m-Health) provides unprecedented opportunities for improving health services. In the
medical service market, patients have the need for recovery.
They can consult doctors and get services, expecting to spend
as little as possible. As service providers, doctors will naturally want to get more pay. Therefore, we divide the medical
service market into two modes with and without the mHealth application in this paper. We suppose that each
patient and doctor have no market power to aﬀect the two
modes and the medical service market.
In order to meet the supply of doctors and demand of
patients within the network, we can get the equilibrium

W id2
ij

〠
i, j ∈ϕ

T id2
ij

,

17
where A is a constant number to reﬂect the little-friction
property.

min T

id2

id1

〠Α1 T i L2 + 〠Α2 T i L1 + 〠
+〠

1
T id2 L
ω4 ij 3

1
id1
T id1 L + 〠T id2
ij Β1 + 〠T ij Β2 ,
ω3 ij 4

19

6
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where A1 = 1/ω2 − 1/ω4 , A2 = 1/ω2 − 1/ω3 , B1 = −F ij
t

t

+ π t ij + Z − y j , B2 = −F i + π t i − yi , L2 = ln
ln

id1
Ti

T id2
ij

− 1, L3 = ln
− 1, and L4 = ln
From (9) and (18), we can get
id1

id2

T id1
ij

p1

id2
Ti

− 1, L1 =

− 1.

p2

T i + T i = 〠 Qij + Qij

20

∀ i, j ∈φ

From (7), (8), (14), and (15), we can get

1
t
ln T id2
ij + −F ij + π t ij + Z − y j + eij + ai = 0,
ω4
1
t
ln T id1
ij + −F ij + π t i − y i + f j + bi = 0,
ω3

T id2
ij

22

23

exp −ω4 B1 + eij

+ ci = 0

26

− ω2 ci

27

ω2
ln 〠 exp −ω3 B2 + f j
ω3
i, j ∈φ

From (26), we get T i = exp ω2 /ω4 ln ∑ i, j ∈φ exp −ω4
B1 + eij − ω2 ci .
We interpret f j and eij as πt W id1
and πt W id2
i
ij , respectively. It is straightforward to verify (25) and (26).
Similarly, we can get
T id2
ij = exp −ω4 ai ⋅ exp −ω4 Β1 + eij

28

p1

p2

… , Qij , … , Qij , … ∈ H,

id1
id2
… , T i , … , T i , … , T id1
ij , … ,

we can solve AE to obtain
T id2
ij , … .
t
If we add g to f j and eij and make W id1
i = f j /π + g

,

t
and W id2
ij = eij /π + g, we can obtain

−

id1

id2

… , Ti , … , Ti ,
p1

p2

id2
id1
id2
… , T id1
ij , … , T ij , … W i , … , W ij , … , W i , … , W ij , … .
The self-mapping is

1
id2
ln T i
ω4

24

ψ Qp : H → H,

Similarly, we can also obtain bi = − 1/ω3 ln ∑ i, j ∈φ exp
id1
−ω3 B2 + f j − 1/ω3 ln T i .

p1

,

T id1
i = exp −ω3 bi ⋅ exp −ω3 B2 + f j
In other words, given any

id2

1
ln 〠 exp −ω4 B1 + eij
ω4
i, j ∈φ

1
1
id2
ln T i −
ln 〠 exp −ω4 B1 + eij
ω2
ω4
i, j ∈φ

id2

From (8), we get

ai = −

25

id1

where bi is the Lagrangian multiplier with constraint (7),
ai with constraint (8), f j with constraint (14), eij with constraint (15), and ci with constraint (20).
From (22) and B1 = −F ij + πt t ij + Z − y j and B2 =
−F i + πt t i − yi , we can get

Ti
〠 i, j ∈φ exp −ω4 B1 + eij

+ ci = 0,

T i = exp

21

1
1
id2
ln T i − ai + ci = 0,
−
ω2 ω4

exp −ω4 ai =

1
1
id1
ln T i −
ln 〠 exp −ω3 B2 + f j
ω2
ω3
i, j ∈φ

From (25), we can get

1
1
id1
ln T i − bi + ci = 0,
−
ω2 ω3

exp −ω4 ai =

Then from ai , bi , and (21), we have

29

where

p2

Qp = … , Qij , … , Qij , … ,
p1

∀ i, j ∈ φ,

p2

∀ i, j ∈ φ,

ψij Qp = Pij ⋅ P1 Qp
ψij Qp = Pij ⋅ P2 Qp

p2

P 1 Qp =

exp −ω1 F ij + μ1 W ij Qp + μ2 t ij
p1

exp −ω1 F ij + μ1 W j Qp + μ2 t ij

p2

+ exp −ω1 F ij + μ1 W ij Qp + μ2 t ij + μZ

∀ i, j ∈ φ,

p2

P2 Q

p

=

exp −ω1 F ij + μ1 W ij Qp + μ1 t ij + μZ
p1

exp −ω1 F ij + μ1 W j Qp + μ2 t ij

p2

+ exp −ω1 F ij + μ1 W ij Qp + μ2 t ij + μZ

∀ i, j ∈ φ

30
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Table 1: Medical service demand (services/h).

Data: H
Result: n
1. n←0;
p
2. for Q0 ∈ H do
p1
p2
3.
… W i Qpn , … , W ij Qpn , … , ← AE Qpn ;
4.

Qij,n+1 ← ψij Qp

p1

p1

5.

p2
Qij,n+1

← ψij Qp

D
1
2
3
4

p2

p1 2

p1

6. if ∑ i,j ∈φ Qij,n+1 − Qij,n
then
7.
n← n+1;
8.
go to step 3;
9.
end
10. end
11. return n;

p2

p2 2

+ Qij,n+1 − Qij,n

p1
Wi

p1

D
1
2
3
4

p2

p

ous.
Q and
Q vary continuously with Q ;
so, we can conclude that mapping ψ is a continuous function
of Qp .
Now, we provide a numerical algorithm to ﬁnd the
equilibrium.
p

p

3

4

0
8
4
2

10
0
2
4

4
3
0
6

4
5
10
0

Table 2: Average medical service time (h).

… W i , … , W ij , … , , mapping ψ is continup2
W ij

2

<η

Algorithm 1: Find the equilibrium.

For

P
1

4. Numerical Example
A simple numerical example is given to demonstrate the
equilibrium of medical services with or without the mHealth application. Since the medical service demand of
patients, the average medical service time, and regulated consultation fee of each D–P pair are given, and the equilibrium
always exists.
In this section, we ﬁrst describe the mobile health medical
service market network that we need. Then, we analyze some
parameters to investigate the impact on the equilibrium, such
as the number of doctors, the dispersion coeﬃcient ω4 , and
proﬁtability index λ. Last, we evaluate the inﬂuence of the
m-Health application and compare two types of m-Health
applications, one of which displays patient disease information and the other displays both patient disease information
and doctor registration information.
4.1. Results. We adapt the paired network in [28] that was
designed for children in rural Sichuan Province, China, for
improving immunization based on a smart phone app, and
get the health medical service market network that we need.
The network that we need is a four-node network with 12
links connecting 12 D–P pairs.
Table 1 presents the medical service demand of patients
for each D–P pair. Table 2 shows the average medical service
time of each D–P pair. In the following analyses, medical service demand of patients, average medical service time, and
regulated consultation fee of each D–P pair are ﬁxed and
given. The consultation fare between D–P pair i, j is equal
to the medical service time multiplied by the time unit cost,

P
1

2

3

4

0.1
0.25
0.3
0.35

0.25
0.1
0.3
0.45

0.3
0.3
0.1
0.25

0.35
0.45
0.25
0.1

that is, F ij = $60/h. We make dispersion coeﬃcients ω1 =
0 2, ω2 = 0 2, ω3 = 0 5, and ω4 = 0 5. Other parameters
include α1 = 1, α2 = 1, y j = 0, z = 0, A = 104 , Ai = 1, πt =
$10/h, μ1 = $20/h, and μ2 = $10/h.
We set ﬁve cases of the number of doctors n equal to
p1
p2
20, 50, 80, 100, and 150, and set Qij = 0 7Pij , Qij = 0 3Pij ,
∀ i, j ∈ ϕ as the initial solution.
For each of the ﬁve cases, the proposed algorithm shows a
convergence with the error deﬁned in Step 6 of the algorithm.
Figure 1 plots the sensitivity analysis of the number
of doctors.
Figure 1(a) shows the doctors’ waiting time and average
waiting time of two modes as the number of doctors
increases. From Figure 1(a), we can see that the doctors’ waiting time and average waiting time of two modes increase with
the increase of the number of doctors. The increasing trends
of doctors’ waiting time of two modes are almost the same
when the number of doctors is from 20 to 50. From the value
of 50, the doctors’ waiting time of mode 2 increases rapidly
than the mode 1’s. Figure 1(b) shows the patients’ waiting
time and the average waiting time of two modes as the number of doctors increases. As we can see from Figure 1(b), the
patients’ waiting time and the average waiting time of both
modes decrease as the number of doctors increases. Patient
waiting time of mode 2 almost remains unchanged and
nearly equals zero. Patient waiting time of mode 1 decreases
rapidly. Figure 1(c) shows the doctor utilization rate and the
average utilization rate of two modes as the number of doctors increases. The doctor utilization rate is equal to the doctors’ occupied medical service hours divided by the total
activity time. From Figure 1(c), as the number of doctors
increases, the utilization rates of doctors of two modes
decrease. When the number of doctors is 50, the utilization
rates of doctors of two modes are the same.
Figure 2 shows the comparison result of the doctor waiting time with diﬀerent doctor groups in each pair. To further
investigate the diﬀerence of the two modes, we set the number of doctors n = 100 and n is ﬁxed. The diﬀerent doctor
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1.0
0.8
0.6
0.4
20

80

140

The number of doctors (n)
Mode 1
Mode 2
Average

Doctor utilization rate (%)

Patient waiting time (h)

(a)

0.06
0.04
0.02
0.00
20

80

140

28
24
20
16
20

The number of doctors (n)

80

140

The number of doctors (n)

Mode 1
Mode 2
Average

Mode 1
Mode 2
Average
(b)

(c)

Figure 1: Sensitivity analysis of the number of doctors.

groups can be distinguished by the indexes above the columns. For example, index “1-2” denotes the group of doctors
who utilize mode 2 to accept patients between D–P pair 1, 2
and the index “non-app” denotes the group of doctors using
mode 1. As you can see from Figure 2, the doctor’s waiting
time is diﬀerent among diﬀerent groups at a particular pair
and the doctors’ waiting time of mode 1 is almost equal to
the average value. In addition, for mode 2, the more consulting time patients need, the longer waiting time the doctors
will spend. For instance, the medical service time of D–P
pairs 2–4 and 4–2 is the highest in the network. The doctor
waiting time associated with these two D–P pairs is also the
highest among all from Figure 2.
In order to reﬂect the net income of doctors, we deﬁne
the proﬁtability index λ. Hence, we adjust the futility functions of idle doctors with consideration of λ, as shown below:
t
t
id1
U id1
ij = λ −F i + π t i + π W i
t
t
id2
U id2
ij = λ −F ij + π t ij + π W ij

∀ i, j ∈ φ,
∀ i, j ∈ φ

31

As service providers, doctors will naturally want to get
more pay and try their best to maximize their net income.
If the value is big enough, doctors are most likely to wait
for a long time only for a single consulting activity.

To examine the variation of doctor and patient waiting
time, we estimated the magnitude of change of dispersion
parameter ω4 and proﬁtability parameter λ. The results are
shown in Figure 3. We can see from Figure 3(a) that the waiting time of the doctor of mode 1 increases when ω4 increases.
However, the waiting time of the doctor of mode 2 decreases
and the extent of variation is small. From Figure 3(c), as the
increase of proﬁtability parameter λ, the waiting time of the
doctor of mode 1 increases and the waiting time of the doctor
of mode 2 decreases. When λ is about 1.1, the two values of
the doctor and patient waiting time are equal. In the meantime, as we can see from Figure 3(b), the waiting time of
the patient of mode 1 decreases with the adjust of ω4 . But
the waiting time of the patient of mode 2 also decreases and
almost remains zero when ω4 is 2.5. The waiting time of the
patient of mode 1 increases and the value of mode 2 decreases
with the increase of λ.
In many m-Health applications, patients need to provide
disease information that will be sent to idle doctors. Meanwhile, doctors also need to be registered with expertise and
availability details. With the patient disease information
and doctor registration information revealed in the application, patients and doctors can choose each other according
to their own information. Besides, the case of m-Health
application displays both patient disease information and
doctor registration information. We also provide two other

Doctor waiting time (h)
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4-2

2-4
1.2
1-4

3-2

2-3

1-3

0.4

No-app

No-app

No-app

0.8

No-app

2-1

1-2

4-1

3-1

4-3

3-4

0.0
Group 1

Group 2

Group 3

Group 4

The number of doctors n = 100

Patient waiting time (h)

Doctor waiting time (h)

Figure 2: Doctor waiting time with n = 100.
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0.5
0.5

1.0

1.5
휔4

2.0
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Mode 2

(b)
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(a)

Doctor waiting time (h)
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휔4
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0.55
0.54

0.06
0.04
0.02
0.00

0.53
0.4

0.6

0.8

1.0

1.2

1.4

1.6

0.4

0.6

0.8

1.0

흀

1.2

1.4

1.6

흀
Mode 1
Mode 2

Mode 1
Mode 2
(c)

(d)

Figure 3: Sensitivity analysis of ω4 and λ.

cases: one is no m-Health application in the network and
the other is the m-Health application only displaying
patient disease information. As shown in Figure 4, the
indexes “traditional network,” “displaying patient,” and
“displaying both patient and doctor” denote no m-Health
applications available, the m-Health application available
but only displaying patient disease information, and the
application displaying both patient disease information
and doctor registration information, respectively. We can
see from Figure 4 that the average doctor waiting time of
the three cases has little diﬀerence, as well as the average
waiting time of patient. The doctor and patient waiting time
in the case which displays both patient disease information

and doctor registration information is longer than that of
the case which only displays patient disease information.
4.2. Discussion. As shown in Figure 1, the doctor waiting time
of both modes and their average time increase while the utilization rates of doctors decrease with the increase of the
number of doctors. The number of doctors has a signiﬁcant
impact on the waiting time and the utilization rates of doctors. Our analysis suggests that this is the result of the extra
medical service time due to the increase of the number of
doctors. And the extra medical service time is mostly devoted
to waiting for patients. Therefore, the percentage of the occupied doctor hours decreases. In addition, we also can see that
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0.4

(h)

0.3
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0.1

Average patient
waiting time

Average doctor
waiting time

Patient waiting
time of mode 1

Doctor waiting
time of mode 2

0.0

Traditional network
Displaying patient
Displaying both patient and doctor

Figure 4: Doctor and patient waiting time.

the doctor waiting time of mode 2 increases while the utilization rate of doctors of mode 2 decreases more rapidly than
that of mode 1. From the above phenomenon, we may draw
the conclusion that the doctor waiting time and utilization
rate of mode 2 are more sensitive to the number of doctors
in a small example. We may conclude that the service of
mode 2 is more attractive to doctors than that of mode 1.
With the increase of the number of doctors, the competition
among the doctors of mode 2 is more intense. Besides,
patient waiting time of mode 2 almost remains unchanged
and nearly equals zero. This is most likely because the
increase of the number of doctors makes it easier to see the
doctors in hospital and communicating through the mHealth application exhibits little friction.
For Figure 2, our ﬁnding that the more the consulting
time patients need, the longer the waiting time doctors will
spend. This may be because idle doctors can make deterministic choices.
We can analyze the futility value of mode 2.
id2
id2
t
t
If U id2
ij = U i j , that is −F ij + π W ij + t ij = −F i j + π
W id2
+ t i j ∀ i, j , i , j ∈ φ ; i, j ≠ i , j .
i j

If −F ij + πt t ij < −F i j + πt t i j , then t ij > t i j and W id2
ij >

W id2
. From the above formulas, if a D–P pair has a higher
i j
value of medical service time, then the doctor will also suﬀer
longer waiting time. Because the doctors’ futility values of
mode 1 are based on the medical service time and consulting
fee, so, the doctor waiting time of mode 1 is nearly equal to
the average time of each pair.
The phenomenon is shown by the data of Figure 3 and
experimental studies indicate that idle doctors’ choices of
choosing patient j as the next patient are more certain with
the increase of dispersion parameter ω4 . In order to get more

income and reduce the cost of waiting time, more and more
doctors choose mode 2 to receive patients. Therefore, the
waiting time of patients decreases. Because the waiting time
of patients is less than mode 1, mode 2 is more attractive to
patients. Because the demand of patients is ﬁxed and given
in the network, idle doctors of mode 1 need to spend more
time waiting for their next patient. Due to the little friction
of mode 2, the waiting time of patient is almost zero. As idle
doctors are inclined to maximize their net income and minimize idle doctors’ futility, more and more doctors will choose
to use mode 2 with the increase of proﬁtability index λ.
As we can observe from Figure 4, the medical service supply of patients can be cut down by introducing m-Health
applications into the medical service market. Hiding the
information of patient disease can increase the waiting time
of patients of mode 2. However, providing disease information of patient can increase the attraction degree of mode 2.
The average doctor waiting time of the three cases has little
diﬀerence, as well as the average waiting time of patients.
This could be because some patients may spend more time
seeing the doctor using mode 2. On the contrary, patients
spend less time seeing the doctor through mode 1.

5. Summary and Outlook
In the medical service market, patients have the need for
recovery. They expect to get high-quality medical service
and reduce healthcare spending. Their goals are typically to
match doctor capacity with their demand and utilize medical
personnel more eﬃciently without signiﬁcantly increasing
healthcare spending. As service providers, doctors are under
pressure to improve healthcare quality and balance workloads. Meanwhile, they hope for a high quota reward. Thus,
the supply and demand of medical services have become an
increasingly essential component in a medical service market. In this study, we intend to propose an equilibrium model
to evaluate the inﬂuence of m-Health applications on the
medical service market. The model can balance the supply
of doctors and demand of patients and reﬂect possible
options for both doctors and patients with or without mHealth applications in the medical service market. In the
meantime, we analyze the behavior of patients and the activities of doctors to minimize patients’ full costs of healthcare
and doctors’ futility. After that, we provide a resolution algorithm by mathematical reasoning. Lastly, experiments are
conducted on artiﬁcially generated dataset to evaluate the
medical services of m-Health applications.
The study does have some limitations. In order to provide
a clear description of the medical services, we have assumed
that the medical service time, the medical services demand
of patients, and the consultation fee of each D–P pair are
ﬁxed and given. The m-Health applications are assumed to
be widely used among patients. Our future research will relax
those assumptions and so on.
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The goal of this project is to develop a novel and innovative mobile solution to address behavioral and psychological symptoms of
dementia (BPSD) that occur in individuals with Alzheimer’s. BPSD can include agitation, restlessness, aggression, apathy,
obsessive-compulsive and repetitive behaviors, hallucinations, delusions, paranoia, and wandering. Alzheimer’s currently aﬀects
5.4 million adults in the United States and that number is projected to increase to 14 million by 2050. Almost 90% of all aﬀected
with AD experience BPSD, resulting in increased healthcare costs, heavier burden on caregivers, poor patient outcomes,
early nursing home placement, long-term hospitalizations, and misuse of medications. Pharmacological support may have
undesirable side eﬀects such as sedation. Nonpharmacological interventions are alternative solutions that have shown to be
eﬀective without undesirable side eﬀects. Music therapy has been found to lower BPSD symptoms signiﬁcantly. Our study is
based on combination of the reminiscence and the music therapies where past memorable events are recalled using prompts
such as photos, videos, and music. We are proposing a mobile multimedia solution, a technical version of the combined
reminiscence, and music therapies to prevent the occurrence of BPSD, especially for the rural population who have reduced
access to dementia care services.

1. Introduction
Approximately 35.6 million people worldwide and more
than 5 million in the United States suﬀer from dementia.
Every 66 seconds, a person in the United States develops
dementia [1]. Almost 90% of all aﬀected with Alzheimer’s
disease (AD) experience behavioral and psychological symptoms of dementia (BPSD), resulting in increased healthcare
costs, heavier burden on caregivers, poor patient outcomes,
early nursing home placement, long-term hospitalizations,
and misuse of medications [2]. BPSD play a major role in
increasing burden on the caregivers of individuals aﬀected
with dementia [3]. BPSD is not only a contributor to caregiver distress but also a major cause for nursing home placement [4]. As the number of aﬀected people increases, the

need for caregiver also increases. More than 15 million family
and friends of aﬀected people provide care for the person
aﬀected with AD. In 2016, over $236 billion dollars were
spent on dementia [1]. Indirect cost increase due to BPSD
in person aﬀected with AD was 25% above the cost of AD,
while the direct costs increase was 35% above the direct AD
costs [4].
As the disease progresses, many aﬀected individuals
develop psychological problems in the form of behavior
issues such as agitation, irritability, aggression, depression,
delusions and hallucinations, wandering, and sleep disorders
[5–7]. Among behavioral symptoms, approximately 88% of
the patients suﬀer from apathy, 66% suﬀer from aggression,
and 60% suﬀer from irritability, while among psychological
symptoms, 56% of patients suﬀer from depression, 55%
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suﬀer from delusions, and 52% suﬀer from anxiety. In one
study, not only were behavioral symptoms found to be more
prevalent, but these symptoms were also more stressful to
caregivers than the psychological symptoms [7]. If these
symptoms are not treated, they can reduce the quality of life,
expedite functional decline, and cause early transfer to
assisted living [1, 7, 8]. Of these symptoms, the most prevalent and distressing were behavioral symptoms such as agitation, irritability, and apathy [9]. The stress process model
identiﬁes BPSD as the greatest source of stress on caregivers
[10]. Persons with mild to moderate AD who are aﬀected
with BPSD often require frequent supervision, monitoring,
and support. This poses several challenges, especially in rural
parts of the country due to limitations in resources. Approximately 30% of the total costs for AD are from BPSD management [4]. As per the US census of 2010, approximately
19.3% of the US population resides in rural areas that covers
97% of the land [11]. Due to the large distances between the
rural communities, the residents in rural areas are faced with
greater health care barriers than their urban counterparts.
Some of the barriers experienced by the residents in rural
areas are constrained access to care, limited resource availability, overlapping clinician roles, long distance provider
commute, and clinician training constraints [12]. Rural residents face problems of not only scarcity of primary care providers but also long distances between care providers and the
rural communities [13]. In addition, rural areas have a proportionally larger elderly population (14.6% of the rural population is 65 and above versus 11.7% of urban population)
and hence a larger number of individuals aﬀected with
dementia and fewer health and social services. The goal of
this project is to create a calming and relaxing eﬀect while
helping resurface embedded event memory in persons with
AD by tackling distressing BPSD symptoms. Pharmacological support in the form of antipsychotic drugs can be used,
but these are not always helpful and may have side eﬀects
such as sedation. Nonpharmacological solutions such as
reminiscence therapy and music therapy are encouraged in
addressing BPSD.
Music therapy has proved to lower BPSD in persons
aﬀected with dementia. In one study, music therapy was
applied for 16 weeks and subjects were evaluated by multidimensional assessment including minimental state examination, Barthel index, and neuropsychiatry inventory. These
subjects were observed to have a signiﬁcant decrease in the
NPI score, and the symptoms of agitation, irritation, apathy,
delusions, and hallucinations were greatly reduced [14].
Reminiscence therapy has been successfully used to help
address BPSD [15]. However, traditional reminiscence therapy is time consuming, which makes it diﬃcult to implement, especially in a rural setting. Additionally, this type of
therapy is conducted in a group setting and requires
resources such as a trained group leader and other members
who are skilled to work in this group. These resources are
often not available to community-dwelling older adults who
live in rural areas.
Our proposal is based on two foundational concepts—reminiscence therapy and Dr. Oliver Sack’s music research.
Reminiscence therapy is used to recall past memorable events
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Figure 1: Welcome page.

using prompts such as photos and music in group settings
where a group leader would lead the session with other
friends and family of the aﬀected individual and the event
is gently reminded with cues from the event. Although traditional reminiscence therapy has proved to help lower BPSD
symptoms notably, it is not only time and resource intensive;
it is typically conducted in a group setting and requires
resources such as a trained group leader. We are proposing
a variation of the reminiscence therapy where the group
leader and the other family members are not required to be
present each time the therapy is performed. Dr. Oliver Sack,
a neurologist, has promoted music as a powerful tool to stimulate and recall deeply embedded memory [16–20]. Irrespective of their stage in AD, all people are able to respond and
react to musical stimulation in improving cognition, behavior, and mood in AD [18]. Research has shown individualized music therapy is the most eﬀective [19]. Our proposal
creates an individualized multisensory mobile multimedia
environment that is tied to a speciﬁc memory event as seen
in Figures 1, 2, 3, 4, 5, 6, 7, 8, 9, and 10.

2. Related Work
Technology has been proposed as a means of treating many
facets of dementia, including challenging behaviors such as
anxiety, restlessness, agitation, sleep disturbances, and disorientation, especially in regard to time and place and physical
functioning [21, 22]. As can be seen, the scope of these technological innovations varies greatly. In addition to the scope,
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Figure 2: Patient information.
Figure 4: Menu selection.

Figure 3: Select patient.

Figure 5: Media selection.
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Figure 6: Music source.
Figure 8: Photo source.

Figure 7: Music selection.

Figure 9: Photo selection.
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Figure 10: Photo display time.

the approach utilized by these applications diﬀers signiﬁcantly. Among the investigated applications are care-team
communication tools, electronic encyclopedias, decision
support applications for at-home caregivers, Internet-based
support groups, home monitoring systems, human-tohuman interaction tools, computer-based memory tools,
audio and video tapes, and entertainment [21–24]. Of all
the related technological innovations, two stood out as
strongly related to the proposed application. The ﬁrst, developed by a research team made up of professionals from the
National Research and Development Centre for Welfare
and Health from Finland, Dementia Services Information
and Development Centre from Dublin, the Norwegian Centre for Dementia Research, and Dementia Voice from the
United Kingdom evaluated the eﬀectiveness of a musicbased and multimedia program in dementia care centers in
the four represented countries with the primary aim of stimulating patients and to give them pleasure. This was a word
processing editor called the picture gramophone and
designed for a desktop with a CD drive, a keyboard, and a
mouse. Results showed that 91% of participants showed
some form of beneﬁt from the tool, in either mood or social
interaction [25]. The application design varied from our
proposed solution in that it was specialized to the region
and minimally modiﬁed to the individual but in no way
individualized to the particular patient or events in that
patient’s life, although the authors noted that this should
be a consideration for future developments. In addition,
because of logistics, this technology was available to patients
only at the care center. Finally, some patients needed support when working with the tool. The second application,
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Snoezelen, is a multisensory environment that seeks to
reduce agitation and anxiety or stimulate reactions of communication in patients by creating a very engaging yet controlled environment. Snoezelen has been used to reduce
challenging behavior among individuals aﬀected with AD
[26, 27]. Various studies have shown improvement in mood,
behavior, and cognition after treatments. Patients’ communication improved during the Snoezelen sessions, and patients
showed improvements in both short- and long-term followup evaluations [28]. These studies illustrate the impact
technology can have on management of BPSD and improving the lives of those with dementia and their caregivers.
The picture gramophone, a word processing solution,
was a music-based multimedia tool that was developed
in the 1990s to help improve the well-being in persons
with dementia and displayed promising results [25].
Current technological solutions and support applications
for caregivers do not address BPSD directly. The objective of
our multimedia application is to stimulate deeply embedded
memories by recreating events through use of music, images,
and textual descriptions, for example, incorporating pictures
of important events such as a wedding or birthday into a
slideshow to reduce BPSD in persons with Alzheimer’s disease. The objective of our project is to address BPSD in persons with AD by stimulating deeply embedded memories
by recreating events through use of meaningful music and
personalized images and textual descriptions. For example,
we will incorporate pictures of important events such as a
wedding or birthday into a slideshow that can calm the
aﬀected individual.

3. Framework
We are proposing a framework to address BPSD in dementia
such as agitation, irritability, and apathy by combining therapies such as reminiscence and music therapies into a technological, aﬀordable, personalized, and accessible mobile
solution to reduce BPSD and their associated stress on caregivers. The uniqueness of this proposal is the design with
respect to accessibility and aﬀordability of a mobile application and the individualized nature of the music and reminiscence therapy components. The caregiver can pick an
important event in the life of the aﬀected individual and
use cues, such as pictures, videos, and music, associated with
that event. Cues help jog deeply embedded memories related
to an event; for example, incorporating pictures of important
events such as a wedding or birthday into a slideshow can
help the aﬀected individual to calm down. Reminiscence
therapy and music therapies have proved to be very beneﬁcial
in addressing BPSD and have been recommended to reduce
BPSD. We are combining the concept of using prompts such
as objects and people in helping recall episodic-embedded
memory from reminiscence therapy and the concept of
music helping in memory recall in persons aﬀected with
AD as promoted by neurologist, Dr. Oliver Sack. We are proposing to incorporate the positive aspects of reminiscence
and music therapies into a user-friendly mobile application
that is aﬀordable and easily accessible to caregivers and persons with AD. Pharmacological solutions are not encouraged
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due to the undesirable side eﬀects of sedation. Our proposal
is a low-cost solution to address BPSD and help support caregivers. The mobile app will be designed for multiple mobile
platforms such as iOS and Android. The challenges in this
application will be the ability to select music/video/pictures
from the mobile user’s music playlist/photo/video library,
or if there is no music associated with this particular event,
and then performing a search to ﬁnd music of the era of
the same timeframe as the event for which the multisensory
multimedia event is being created. Another challenge will
be to design the user interface in a way that is user-friendly
and accessible to the caregiver, who will most likely be an
older adult and who may or may not have much computer
or smartphone experience. Also, it will be important to make
the music/picture selection process a quick one, as caregivers
will likely want to address BPSD symptoms quickly once they
occur. The caregiver will decide on an event such as a wedding and ﬁnd pictures, videos, and music-associated with this
event. These will be incorporated into a multimedia slideshow and played to the aﬀected individual when he/she is
agitated, irritated or experiences apathy.

4. Methods and Design
In this two-phase exploratory study, a multisensory
multimedia-based mobile application has been developed
for the Android mobile platform as seen in Figures 1, 2, 3,
4, 5, 6, 7, 8, 9, and 10 for phase 1, while the clinical study will
be conducted in phase 2. Only phase 1 will be described in
this paper. Phase 1 will comprise of designing and building
the mobile application for multiple platforms, and phase 2
will comprise of the clinical study. The objective of phase 2
of the project is to stimulate deeply embedded event-based
episodic memories of persons aﬀected with AD. The caregiver will pick an important memorable event from the life
of the aﬀected individual and use cues, such as pictures and
music, associated with that event to create a multisensory
multimedia show paired with music that was either from
the event or associated with the event. If there is no music
associated with this event, then the application will ﬁnd
music of that period to create this multimedia show. The
videos or photos will serve as prompts and cues to help jog
deeply embedded memories related to this event. An example
of creating a multisensory multimedia show is selecting
pictures and videos of important events such as a wedding
or birthday into a slideshow that can help the aﬀected individual to calm down. This calming eﬀect potentially helps
the aﬀected individual recall associated memories. The project will be executed in two phases. The design is built on
the following research question and hypotheses.
Research question: Can a multisensory mobile multimedia reminiscence therapy app reduce the frequency of BPSD
episodes by helping calm and reducing agitation, irritation,
and apathy by recreating an event/episodic memory in persons with AD?
4.1. Phase 1/Aim 1. Design a multisensory mobile application
that employs reminiscence therapy to reduce the frequency
of BPSD episodes in persons with AD.
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Hypothesis: After engaging with the reminiscence therapy app during an episode of BPSD, there will be a reduction
in neuropsychiatric symptoms as evidenced by caregiverreport ratings on a semistructured questionnaire. There will
be an overall reduction in neuropsychiatric symptoms over
the one-week period as evidenced by lower scores on validated caregiver-report questionnaires assessing BPSD such
as the neuropsychiatric inventory (NPI; Cummings, 1994)
and the revised memory and behavior checklist (RMBC;
Terri, 1992).
4.2. Phase 2/Aim 2. Design a multisensory mobile application that engages the person with AD and reduces
caregiver burden.
Hypothesis: After engaging with the reminiscence therapy app during an episode of BPSD, there will be a reduction
in caregiver distress as evidenced by caregiver self-report ratings on a semistructured questionnaire. There will be an
overall reduction in caregiver distress over the one-week
period as evidenced by lower scores on validated self-report
questionnaires assessing BPSD-related caregiver distress
such as the NPI and the RMBC.
The mobile application is built for the Android platform and is designed to be user-friendly so a caregiver
can easily set up a patient and create the multimedia episodic happy memory event-based presentations for the
patients. Figure 1 shows the welcome page of the application when it ﬁrsts starts; Figure 2 gives user the option of
entering the information for a new patient as this application can be used for multiple individuals aﬀected with AD;
Figure 3 shows the screen where an existing patient can be
selected from a database of patients; Figure 4 shows where
the caregiver has the choice of either choosing to create a new
happy memory multimedia presentation or selecting from a
list of happy memories that were created in the past; the
happy memory events created are unique to each patient
with their photos and music. Hence, this application can
be customized to each individual’s needs making unique set
of episodic happy memories. Figure 5 shows the ﬁrst screen
that appears when the caregiver chooses to create a new
happy memory presentation, where the caregiver has a
choice of either selecting pictures for the new happy memory
or music for this new presentation since various pictures and
or videos can be incorporated in the multisensory multimedia event-based presentation.
Figure 6 shows how the caregiver can select between
music databases to add music associated with this happy
memory. Figure 7 shows the screen where the caregiver can
select the music from the music library. Figure 8 shows the
screen for the photo selection while Figure 9 shows where
the images/photos are selected. Finally, Figure 10 shows
how the user can select the length of time of display for the
images/photos.
At clinical study (phase 2) entry, caregivers will complete validated self-report measures assessing BPSD in their
AD person over the past week and BPSD-related caregiver
distress. Caregivers will provide study staﬀ with pictures,
movies, music, and any other media that is meaningful to
the AD participant’s past to be loaded on the multimedia
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Set song details
(time/order)

View it
viewMultimediaShow()

Figure 11: Algorithm for the Happy Times Android application.

app. After the media has been loaded on the study tablet,
participants will be given the tablet equipped with the multimedia application to use in their home for one week. Any
time the AD participant experiences BPSD during the oneweek study period, the caregiver will attempt to engage the
participant with the multimedia app and then rate the
experience using a brief self-report questionnaire. At clinical
study exit, caregivers will repeat the validated self-report
questionnaires and complete a feedback interview. The goal
of the feedback interview is to break down the user experience and solicit likes and dislikes and attitudes about the
multimedia app solution.
The algorithm for this study is shown in Figure 11,
where the application starts with a welcome screen and
the user/caregiver has the option of either creating a
new patient or selecting a patient that has been registered
in the past. Next, the user is taken to a menu where the happy
memory presentation can be created or a previously created

happy memory event presentation can be viewed. The user
then has a choice between selecting music or photos that
can be added to the happy memory. The algorithm shows
the path for this process where the Android gallery and the
Android music is browsed for the multimedia selection.

5. Discussion
Persons with mild to moderate AD who experience BPSD
often require frequent supervision and monitoring, posing
several challenges to their caregivers. The stress process
model identiﬁes BPSD as the greatest source of stress on
caregivers, with sleep disturbance, agitation/restlessness,
depression, and apathy causing the most emotional distress. We are proposing a multisensor mobile multimedia
solution, a technical version of the traditional reminiscence
therapy to address BPSD, especially for the rural AD population. Rural areas have a proportionally larger elderly
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population (14.6% of the rural population is 65 and above
versus 11.7% of urban population) and hence a larger
number of individuals aﬀected with dementia and fewer
health and social services [29–32].
After completion of phase 2, descriptive statistics (means,
standard deviation, and frequencies) will be used to describe
the sample characteristics, total scores, and/or the item-level
results of the clinical tests, validated survey instruments
(NPI; RMBC), and the caregiver ratings of BPSD symptoms
and caregiver distress after engaging with the multimedia
app. For instruments that are administered at study entry
and exit, we will compare each instrument’s total score at
the beginning and the end of the one-week period using
dependent t-tests with false discovery rate correction for the
number of variables. To examine feasibility of deploying the
app preloaded on tablets in participants’ homes for use over
one-week, we will track and report the following data: (1)
the percentage of participants who were unable or unwilling
to multimedia app; (2) the number and type of technical or
other problems with the multimedia app reported by participants; and (3) the number of phone calls and/or unanticipated home visits required by research staﬀ to troubleshoot
problems with the multimedia app. Study personnel will document any problems reported by participants. If participants
are unable or unwilling to complete the in-home study after
consenting, we will examine whether there are diﬀerences
in demographic variables (e.g., age, education, and ethnicity)
or global cognition (total MoCA score) between study
completers and noncompleters using independent t-tests
for continuous variables and the Pearson chi-square test for
categorical variables.
The long-term goal of this research is to develop a mobile
solution to (a) reduce the frequency of BPSD symptoms, (b)
help recall episodic memory, (c) reduce caregiver burden,
and (4) delay nursing home placement.

6. Conclusions
Our interdisciplinary team of computer scientists and a clinical neuropsychologist are working together on developing a
tool to help individuals aﬀected with AD and their caregivers
cope with behavioral and psychological symptoms of dementia. The application is designed to help calm individuals with
AD by jogging old episodic memories and bringing back
memories of happy times.
This proposal is built by combining the foundational
concepts of the reminiscence therapy along with the
concept of music research conducted by Dr. Oliver Sack.
Reminiscence therapy has been successfully implemented
to recall past memorable episodic events using prompts
and cues such as photos, in group settings where a group
leader would lead the session with other friends and family
of the aﬀected individual and the event is gently reminded
with cues from a past episodic event. We have created a
technical version of the reminiscence therapy in the form
of a mobile application that is built for the Android platform. Dr. Oliver Sack, a neurologist, has promoted music
as a powerful tool to stimulate and recall deeply embedded
memory [16–20]. His research has demonstrated that
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irrespective of the stage in AD, all aﬀected people are able
to respond and react to musical stimulation in improving
cognition, behavior, and mood in AD [18]. Research has
shown individualized music therapy is the most eﬀective
[19]. Our proposal creates an individualized multisensory
mobile multimedia environment that is tied to a speciﬁc
memory event.
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Objective. To analyze and compare the usefulness of hypertension management APPs released in the Chinese market; to
understand the general situations, characteristics, problems, and trends in hypertension management mHealth APPs; and
to identify the gaps between mainland China products and non-mainland China products with the aim to provide
recommendations for developers in industry and assist hypertensive patients in selecting suitable APPs. Methods. The
hypertension management APPs available by October 2016 in China were analyzed from the perspective of data items and
function usefulness. Sample sets were determined through PRISMA. An evaluation item set was developed based on the
usability framework of TURF and the Chinese Guideline for the Management of Hypertension and used to quantitatively
analyze the functionalities and data items collected from the sample APPs from the perspective of designers, users, and
activity models. Results. Among the 73 Chinese-supported APPs, none of the hypertension management APPs could fully
cover the usefulness item set (mean = 37.4%). Regarding the use of mobile terminal hardware, only cameras and
positioning sensors are commonly used in information collection. Regarding the data items and services provided, the
most commonly collected data are “demographic information” (88% versus 100%) and “vital signs” (76% versus 100%),
but APPs developed in mainland China and non-mainland China provided signiﬁcantly diﬀerent services and proﬁtmaking patterns. Regarding data security and privacy protection, the APPs from mainland China provided far lower
usefulness (31% versus 56%). Conclusions. mHealth APPs can promptly and eﬃciently acquire sign-related data by
improving the professionality and scientiﬁcity of data about healthy living habits. APPs also improve the preventive
usefulness of the collected data and bring about new opportunities for the management and control of hypertension. Other
important research trends include privacy protection and data security.

1. Introduction
The death risk of hypertension ranks ﬁrst worldwide and is
intensiﬁed with aging. Unfortunately, the “traditional passive
medical mode” has failed to meet the demands for chronic

disease health management of the current aging society in
China. The Report on the Status of Nutrition and Chronic
Diseases of Chinese Residents (2015) [1] states that by 2015,
hypertension had aﬀected 20% of the global population
(above age 18), which was lower than the incidence among
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Chinese adults (33.5%), and in particular, the incidence rate
among the 70–74 age group in China was up to 58.6%. The
death rate of hypertension ranks ﬁrst and is 2.6 times higher
than the second highest “diabetes” [2]. In contrast, the
awareness rate of hypertension by patients is only 30.5%,
and the controlled rate is only 4.2% [2]. Unfortunately, routine hypertension management methods become less eﬃcient, due to the lack of detailed management and the
communication barrier between doctors and patients’ family
members. The Healthy China 2020 Strategic Research Report
[3] shows that the medical treatment system has moved to
“focusing on prevention and control, aiming to transform
the medical mode.” Technically, the emergence of numerous
“home blood pressure” mHealth APPs has introduced
potential changes [4–6].
As a subdiscipline of eHealth, mHealth is a newly
appearing health mode in recent years [7] and brings
new opportunities and challenges to hypertension prevention. The explosive growth of the Internet economy and the
reform of medical treatment systems have accelerated the
growing mHealth market in China. The annual growth rate
in 2015 was 49%, and the overall assessed value in 2017 is
expected to reach 1.9 billion dollars [8].
As a major research target in the ﬁeld of HCI, usability
refers to how useful, usable, and satisfying a system is for
the intended users to accomplish goals in the work domain
by performing certain sequences of tasks [9]. TURF, as one
of the major and mainstream methods for usability evaluation, is a theoretical framework that assesses the usability of
EHRs from three dimensions, including usefulness, usability,
and user satisfaction [9–11]. According to the deﬁnitions of
TURF, the usability evaluation of eHealth products is divided
into degree of inherent complexity (usefulness) and degree of
exogenous complexity (usability and satisfaction) [10, 11].
Usefulness reﬂects the complexity of work tasks and the
eﬀectiveness of software. Usefulness can be assessed from
the perspectives of services and functions of eHealth products under the valid user context [12]. TURF further deﬁnes
“designer model” (a collection of services concretely implemented in each software), “user model” (a collection of
unambiguous services demanded by users, corresponding
to the core demands of key users, including expert consensuses, clinical guidelines, speciﬁcation, and standards), and
“activity model” (a collection of services practically used by
users in a real working environment and determined through
comparison, analysis, and collection of relevant literature and
data) [13]. A higher matching degree among these three
models indicates that the software services are more useful.
The usefulness assessment does not necessarily depend on
user tests.
Design and implementation of a mHealth APP is not
just an IT project but a workﬂow activity and humancomputer interaction engineering project [7]. However,
the current studies were mostly focused on the characteristics and coverage of functionalities from the perspective
of designers rather than users [14–16]. Few studies have
been performed to evaluate the functionality of APPs in the
context of user-meaningful operations. Furthermore, evaluating the completeness and eﬀectiveness of data items is
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important because this is the foundation for subsequent data
analysis and services [17].
1.1. Signiﬁcance of This Study. Along with the special rectiﬁcation by the China National Health and Family Planning
Commission since May 2017 [18], the limitation that only
chronic disease management paid services are available in
the mHealth market will further stimulate explosive development of this segmented market. However, there is no quantitative assessment about the usefulness of hypertension
management APP products in the Chinese market. The usefulness of an APP varies from person to person and is largely
aﬀected by the subjective initiative. In this work, using
TURF-originated usability evaluation measures, we made a
ﬁrst attempt from the perspective of designer, user, and activity models to compare the data elements and service usefulness of mHealth APPs developed in mainland China and
non-mainland China targeting hypertension management
in the Chinese market and investigated the characteristics,
problems, and trends. We aimed to identify the gaps in
Chinese products from foreign products in terms of usefulness, which should help to solve problems during APP development in this ﬁeld and provide users assistance in the
selection of appropriate APPs. This is also the ﬁrst quantitative study on the usefulness of mHealth products developed
in mainland China. The useful degree evaluation template
for hypertension management proposed here can be applied
to the development and evaluation of eﬃcient products
targeting chronic disease management. We also aim to
minimize the risks of relevant complications by using the services of standardized APPs to improve medical treatment
eﬃciency and reduce costs. This work will help to build a
comprehensive and personalized management system covering tens of millions of hypertensive patients in China.

2. Materials and Methods
To our knowledge, this is the ﬁrst time that a TURF usability
evaluation tool has been used to quantitatively analyze the
usefulness of main functionalities and data items collected
from hypertension APPs from the perspective of the
designer, user, and activity models.
2.1. Software Information Sources and Searching Term
Selection. After market investigation, we determined 2
information sources: the Android platform and the iOS
platform, which account for 70% and 21%, respectively,
of the Chinese smartphone market. These two platforms
correspond to two oﬃcial software markets: Google Play
store and Apple APP store. Targeting the theme of hypertension prevention, we focused on the APP categories of
Health & Fitness and Medical. Terms including “高血压”
and “Hypertension” were used to search the oﬃcial search
engines in October 2016.
2.2. Selection of Target APPs. To select appropriate target
APPs from all mHealth APPs for hypertension prevention,
we used the Preferred Reporting Items for Systematic
Reviews and Meta-Analysis (PRISMA) [19], which is widely
applied in other eHealth studies, to deﬁne inclusion criteria
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Table 1: Inclusion and exclusion criteria of target APPs.

Criterion name
Inclusion criterion 1 (IC1)
Inclusion criterion 2 (IC2)
Inclusion criterion 3 (IC3)
Inclusion criterion 4 (IC4)
Inclusion criterion 5 (IC5)
Exclusion criterion1 (EC1)
Exclusion criterion2 (EC2)

Declaration
The search terms were “高血压” or “hypertension.”
Free Android or iOS APPs (paid APPs were excluded). (If one APP had both free and paid versions,
the paid version was excluded.)
Belonging to either health or medical APPs.
Must include APPs for the hypertension prevention and treatment business.
The target users were marked as mHealth APPs for non-health care professionals (non-HCP). HCPs
referred to those included in the World Health Organization’s health professional categorization [28].
APPs were only data receiving and transferring ends of external facilities or sensors and did not function
for the prevention, treatment, and management of hypertension.
APPs did not support Chinese characters (either simple or traditional Chinese).

and exclusion criteria (Table 1); namely, any target APP to
be included should obey all inclusion criteria and exclusion criteria. The entire ﬂowchart of APP selection is illustrated in Figure 1.
2.3. Development of TURF-Based Usefulness Evaluation
Models. The TURF framework was used to evaluate the usefulness of the data element and services for the included
APPs. According to the deﬁnitions of TURF, the usability
of eHealth outputs is divided into degree of inherent complexity (usefulness) and degree of exogenous complexity.
The former is quantiﬁed by “designer model,” “user model,”
and “activity model” [12]. We hypothesized that for a perfect
function design, the three above models should be equivalent.
In reality, however, these three models are more or less diﬀerent because they are all subjective, which makes it possible for
product modiﬁcation anyway.
2.4. Deﬁnition of Data Element Usefulness. As for the usefulness evaluation of data elements, we mapped the “designer
model” into the data elements associated with hypertension
management acquired and stored by each APP, so the
“designer models” of APPs have diﬀerent instances. The user
model was mapped as follows: based on the Basic framework
and data standard of electronic health records from Chinese
residents [20], namely audited by the Chinese National
Health and Family Planning Commission, to support eﬃcient hypertension management and ensure that the data collection consensus acquired by information systems is the
smallest. The activity model was mapped into the patient
data associated with hypertension management measures
deﬁned by the “2010 Chinese guideline for the management
of hypertension” [21] or the real medical treatment information that doctors should refer to when they provide a speciﬁc
hypertensive patient with appropriate management and
treatment services.
2.5. Deﬁnition of Service Usefulness Evaluation. To evaluate
the usefulness of APP services, we mapped the designer
model into the function set realized by each APP, so this
APP had unique designer model instances. The service factors of mHealth [8, 22] are a generalized function template
that describes the positions of mHealth APP services in the
ﬂow of continuous medical services. Under the context of

hypertension management studies, we trimmed and customized this template using the principle of Population, Interventions, Professionals, Outcome and Health (PIPOH) [23]
and obtained a service factor classiﬁcation targeting the user
model. This corresponds to the user model, namely the smallest function classiﬁcation that is demanded by users of
mHealth hypertension management APPs (Tables 2 and
3). Then, through an extensive literature review, we collected
and analyzed the functions and behaviors of users during
daily hypertension management, which correspond to the
activity model. These concrete functions and behaviors
include automatic or manual data processing; healthy
living habits; acquisition of behavior-related knowledge;
social communication, calendar-based event reminders, and
remarks; time axis-based data processing and display; eﬃcient communication in case of emergencies; and security
and privacy protection in data backup and transmission.
2.6. Deﬁnition and Evaluation of Useful Degree Evaluation
Item Template. Finally, according to the intersection between
the user model and the activity model from the data elements
and service set, we deﬁned a usefulness evaluation item template involving 12 data items, 17 service evaluation options,
and 9 safety and privacy indices (Table 4). The usability of
concrete products in the data elements and service set was
determined by assessing how many evaluation items in the
user-deﬁned template (corresponding to the intersection
between the user model and the activity model) were covered
by the APP (corresponding to the designer model).

3. Results
3.1. Basic Information of mHealth APPs. Mobile-end hypertension management is widely demanded. In this work, we
selected 73 APPs (Table 5), including 49 iOS APPs and 24
Android APPs. These APPs were developed mostly by
institutions (64 APPs) and a few by individuals (9 APPs).
There are 51 medical APPs and 22 health APPs. Regarding
the origins of developers, these APPs were developed in
mainland China (49 APPs) and non-mainland China,
including Chinese Taiwan (6 APPs), the United States
(4 APPs), and other countries (e.g., France, Germany,
Canada, Poland, Japan, South Korea, and Russia), indicating
that demand came widely from three continents. Meanwhile,

4

Journal of Healthcare Engineering
APP search:
database:
Apple APP store–Google Play store

Search results for IC1
(iOS n = 200; Android n = 249; Total n = 449)

APPs assessed for IC2
(iOS n = 143; Android n = 249; Total n = 392)

APPs excluded.
Not met IC2
(iOS n = 57; Android n = 0; Total n = 57)

APPs assessed for IC3
(iOS n = 120; Android n = 91; Total n = 211)

APPs excluded.
Not met IC3
(iOS n = 23; Android n = 158; Total n = 181)

APPs assessed for IC4
(iOS n = 82; Android n = 77; Total n = 159)

APPs excluded.
Not met IC4
(iOS n = 38; Android n = 14; Total n = 52)

APPs assessed for IC5
(iOS n = 62 ; Android n = 74; Total n = 136)

APPs excluded.
Not met IC5
(iOS n = 20; Android n = 3; Total n = 23)

APPs assessed for EC1
(iOS n = 61; Android n = 73; Total n = 134)

APPs excluded.
Met EC1
(iOS n = 1; Android n = 1; Total n = 0)

APPs assessed for EC2
(iOS n = 51; Android n = 24; Total n = 75)

APPs excluded.
Met EC2
(iOS n = 10; Android n = 49; Total n = 59)

Exclude duplication APPs
(n = 2)

Select APPs
(iOS n = 49; Android n = 24; Total n = 73)

Figure 1: PRISMA ﬂow diagram.

Table 2: Principles for PIPOH-based customization of hypertension management service factors.
Name
Patients

Description

Hypertensive patients
Including patient’s awareness and recording of illness situation, data display [24], acquisition of
knowledge about hypertension prevention and treatment [25], daily self-management, doctor-patient
Major interventions
communication, between-patient experience exchange [26], references and foundation provided to
doctors for diagnosis before clinical treatment [27], and other necessary assistance provided to patients
Target professional users of APPs
Non-HCP [28], nonhospital professionals deﬁned by WHO
Therapeutic outcome
Hypertension prevention and treatment
Use environment
Daily life, nonclinic
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Table 3: Service factor catalog of mHealth APPs.
Previously deﬁned catalogue
Reminder
Telemedicine
Record
Treatment
Patient monitoring
Discussion
Medicine propaganda and
education and literatures
Call center
Others

Newly adjusted catalogue
Calendar-based reminding
Appointed registration and
remote video consultation
Hypertension prevention and
control information records
Drug use records
Automatic and/or manual data
processing
Communication and social
networks
Popularization, propaganda,
and education
Localization service
Others (emergency contact, time
axis-based data display, data
security, and privacy protection)

the multilanguage support rate of these APPs is up to 67%,
which indirectly supports this viewpoint. Additionally, as a
Chinese characteristic, three of the APPs support the management of hypertension from the perspective of traditional
Chinese medicine (Figure 2).
3.2. Overall Usefulness Evaluation. The useful degrees are
highly speciﬁc among diﬀerent APPs and generally are
not high (mean = 37.4%). None of the APPs could cover
100% of the usefulness evaluation template. Among the
Android APPs, the top three rankings by usefulness are
“freshware-bloodpressure” (56%), “kang-hypertension” (53%),
and “cchong-BloodPressure” and “jiang-kang-miao-guanjia” (both 53%), and the last one is “bpressure” (15%).
Among the iOS APPs, the top three rankings by usefulness
are “tu-huan-jian-kang-nin-jia” (74%), “jian-kang998-wenyi-sheng” (68%), and “zhang-shang-yi-sheng-zhang” and
“jin-dian-xue-ya-guan-li” (both 65%), while the lowest are
“gao-xue-ya-zhi-nan-gao-xue,” “xue-ya-diao-yang-ke,” and
“gao-xue-ya-zhi-duo-shao-gao” (all 6%). In all, the iOS
APPs have slightly higher useful degrees than the Android
APPs (39% versus 32%), which is consistent with a previous
study [14]. We think the diﬀerences may be attributed to the
strict content auditing of Apple stores. The usefulness evaluations of APPs under diﬀerent platforms are shown in
Figure 3, where the y-axis is the number of items covered
by an APP. Theoretically, one APP could cover up to all 34
usefulness measuring items.
3.3. Concrete Support Conditions of Data Elements and
Services. The supporting degrees of data elements and
services are largely diﬀerent among the APPs. As for single
items, none of the items could be covered by all 73 APPs.
In particular, the highest support degrees come from D12
and U1 (approximately 92%), which are both supported by
67 APPs, but the lowest come from E3 and U2 (both 0%).
The real distribution of each data element or service is shown
in Figure 4.
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3.4. Comparison of Data Element and Service Usefulness
between Mainland-Developed and Non-Mainland-Developed
APPs. Designers, users, and medical professionals from
China and abroad have very diﬀerent views about what functionalities should be contained and what data items should be
collected from hypertension APPs. The two most commonly
collected data elements for mainland-developed and nonmainland-developed APPs are “demographic information”
(88% versus 100%, resp.) and “vital signs (e.g., height, weight,
blood pressure, or heart rate)” (76% versus 100%, resp.), but
the most commonly provided service is “promoting or selfcarrying popularization and recommendations on health
habits” (94%) and “patient data entry” (100%), respectively.
Moreover, the mainland-developed APPs have a higher
useful degree in data elements (33% versus 21%, resp.)
and a lower useful degree in services (42% versus 43%, resp.),
especially lower degrees in data display, system framework,
security and privacy, and data transmission (31% versus
56%, resp.) (Figure 5).

4. Discussion
4.1. The Overall Usefulness of Hypertension Management
mHealth APPs Is Generally Unsatisfactory. Hypertension
management depends on the mobility, promptness, and
barrier-free access of mobile devices and aims to customize
professional mHealth APPs according to patient demands.
However, the usefulness of such APPs is unsatisfactory and
thus can be largely improved in the future (usefulness degree
of neither type of APP exceeds 40%). Additionally, the
accuracy of functions is controversial, and the functions
are exaggerated. For instance, the Android APP “cchongBloodPressure” states that users can collect body pulse data
through the phone cam; its principle is to count pulses by
periodically ﬁlming ﬁngertip brightness to form RGB images.
The heart rates acquired can only be references, but the APP
claims to provide both systolic blood pressure and diastolic
blood pressure, which is exaggerated and not science-based.
We think these APPs do not meet the user demands for
hypertension prevention and are unable to cover the majority
of functions. In the future, more comprehensive and more
professional APPs should be developed.
4.2. APPs Are Far from Embodying the Hardware Advantages
of Smart Mobile Devices. The existing mHealth APPs targeting hypertension management have not been adjusted
or optimized to the optimal use status of mobile devices.
At present, the mHealth APP market in China is explosively growing due to the popularization of smartphones
[29]; friendly human-phone interactive interfaces [30]; the
convenient, prompt, and barrier-free access of mobile
phones [31]; and the bonus of living habits brought by
mobile-end E-commerce [32]. Although APP developers
can use diﬀerent sensors carried by mobile facilities, the
commonly used device is only the cam; namely, P2 was supported by approximately 58% of APPs (42). In contrast, S1,
another position-based sensor (GPS), was only supported
by 11% of APPs (8).
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Table 4: The smallest usefulness evaluation item template of APPs.

Catalogue

China hypertension prevention
and treatment mHealth service Number
factor catalogue
1
Calendar-based reminder

2
3

Appointed registration

4
5

Automatic and/or manual
data processing

6

7
Communication and social
networks

APP service
evaluation

Popularization, propaganda,
and education
Localization service

8

9
10
11
12
13

Others (emergency contact)
14

15
Others (time axis-based
data display)

16

17
18
Others (data security and
privacy protection)

19
20
21
22

Evaluation items
Does it have the function of calendar-based hospital or community
treatment and management of chronic disease?
Does it have the function of calendar-based to-do list (e.g., drug
use on that day or reminder, blood pressure measurement at
preset time and reminder, and exercise event and reminder)?
Does it have the function of calendar-based remark?
(Record some subjective symptom or remark information.)
Does it have the function of extra bills for direct contact with doctors
or online hospital registration?
Does it have the function for the patient to manually input the
necessary data above?
Does it support the acquisition of blood pressure and heart rate by
using externally placed or inner sensors (e.g., acquisition of blood
pressure and heart rate by using iHealth band or Xiaomi band;
check list results; and medical records, pictures, or symptoms
were photographed by cam)?
Does it integrate common Chinese social software such as WeChat,
Weibo, or QQ?
Does it have the function to share information and communicate
with other users (e.g., providing a module for patient community
discussion, for discussing experiences, or free propaganda and
education activities in community medical institutions)?
Does it push or carry propaganda and recommendations on
health habits?
Does it push or carry propaganda and recommendations on
nutrition meals?
Does it have the localization function that helps to localize patients
or informed the patients about the position of the nearest doctor?
Does it have the function for setting emergency contact persons?
Does it allow saving telephone and/or WeChat of contact persons?
Does it have the function of emergency contact, allowing to directly
call the emergency contact persons via telephone and/or WeChat?
Does it have the function of urgency display page (Automatically
displaying the abstract of patient’s blood pressure and illness situation
and emergency contact persons)? Does it allow visiting the doctor
upon emergency treatment at convenience?
Does it have two basic timestamps of the patient’s medical data
(data generation timestamp and data record timestamp)?
Does it have the function of abstraction (automatic frequency
reduction for the collected high-frequency data) and visualization
(graph-like description of the patient’s data) of data from
spatial-temporal perspectives?
Does the software allow oﬄine input, acquisition, and use of data
(cached locally and automatic synchronization upon loading)?
Does it have the function of single- or multiple-user
authentication and authorization?
Does it have the function of urgent information acquisition?
Does it have the function of local storage and caching of data encryption?
Does it have the function of data signature antitampering?
Does it have the function of data backup?

ID
C1
C2
C3
A3
P1

P2

S2

S3

A1
A2
S1
E1
E2

E3

T1

T2

F1
U1
U2
U3
U4
U5
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Table 4: Continued.

Catalogue

Data element
evaluation

China hypertension prevention
and treatment mHealth service Number
factor catalogue

Hypertension prevention and
control information records

Drug use information records

23
24
25
26
27
28
29
30
31
32
33
34

Evaluation items

ID

History of present illness
Previous history
History of surgery
Social history (including smoking, alcohols, privacy, and occupation)
Family history
History of allergy
Recording of immunity and inoculation
Follow-up records (including one-to-one paired community doctor)
Laboratory examination results
Vital signs (height, weight, BMI, and blood pressure)
Demographic information of users (name, gender)
Records of drug use situations

D1
D2
D3
D4
D5
D6
D7
D8
D9
D11
D12
D10

4.3. Diﬀerences in Data Elements and Services Compared
between Mainland-Developed and Non-Mainland-Developed
APPs. The philosophies about hypertension and its treatment
diﬀer in the medical ﬁeld and among the public, which
probably has led to the diﬀerences in data element collection and support services among APPs. Chinese researchers
think hypertension is a disease due to living habits [21].
APPs can be used to establish a planned, targeted, and
evaluable program-like health education mode; therefore,
the philosophy of healthy living can be introduced into
health education, which makes information on health living habits as pushed more scientiﬁc and practical. On
the contrary, overseas researchers generally believe hypertension is a disease with elevated blood pressure [33].
Thus, one major way to provide auxiliary treatment is to
collect information about vital signs, such as weight, blood
pressure, and heart rate. Moreover, as for the overall usefulness of data elements, mainland-developed software surpasses non-mainland-developed software (33% versus 21%,
resp.), which implies that mainland APP developers are
better at understanding users’ actual demands for hypertension management.
4.4. Limitations of Mainland-Developed APPs in Information
Security and Privacy Protection. Non-mainland-developed
APPs largely diﬀer from mainland-developed APPs in terms
of information security and privacy protection. As for service
usefulness, the mainland-developed APPs are slightly lower
than the non-mainland-developed APPs (42% versus 43%,
resp.) but especially in information security, privacy protection, and data display (31% versus 56%, resp.). At the
level of either market self-discipline or governmental regulations, China has no concrete practical supervision and
management measure targeting the information security
of mHealth APPs. On the one hand, the majority of APPs
do not release, on the user protocol or the supportive websites, any declaration about user data security or privacy
protection, which is a hidden risk when individuals or

institutions, either informed or not informed, utilize user
privacy information to acquire economic beneﬁts. On the
other hand, the Chinese State Council released 11 oﬃcial
documents between 2013 and 2015 [14] that indirectly
aﬀected the information security and privacy protection
of mHealth APPs, but the Chinese government has neither
provided clear deﬁnition about the attributive right of
medical treatment data nor issued any professional or
direct supervision and management act like the American
Health Insurance Portability and Accountability Act [34]
or 45 CFR 170.314 [35]. At the technical level, some APPs
(e.g., U1, U3, and U4) support certain security mechanisms,
but the proportion is very low, and the nature of mobile
device subjects’ data storage put them at an extremely high
risk of breach.
4.5. Diﬀerences in Proﬁt-Making Patterns between MainlandDeveloped and Non-Mainland-Developed mHealth APPs.
Mainland-developed APPs and non-mainland-developed
APPs largely diﬀer in proﬁt-making modes. Non-mainlanddeveloped mHealth APPs almost all focus on disease monitoring and recording. The medical systems of Western
countries, Hong Kong, Taiwan, and Macau, the global
market, and the governmental laws have made drug sales
not the key-proﬁting factor of APP suppliers but improvement of the proﬁtability of monitoring facilities. In the above
regions, the hierarchical diagnosis and treatment systems are
complete, so the APP-recorded daily sign information helps
general practitioners to continuously and consistently treat/
manage hypertensive patients. In contrast, the mainlanddeveloped mHealth APPs mostly focus on the provision of
information for users. Speciﬁcally, the supportive rates of
A1, A2, and A3 are up to 94%, 84% and 55%, respectively,
and their proﬁt-making modes are more diversiﬁed, including ads, service charge for rapidly and eﬃciently acquiring
high-quality medical resources, and sales of monitoring
devices. These diﬀerences are mainly attributed to the economy, population, and medical systems. Statistics in 2015
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Table 5: Selected details of APPs.

Number
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49

APP name

Link to APP (accessed by 31 Oct. 2016)

Platform

xue-ya-guan-jia-gao-xue-ya
gao-xue-ya-zhi-liao-mi-ji
ti-jian-bao-ce-xue-ya-xin
kang-kang-xue-ya-gao-xue-ya
gao-xue-ya-guan-jia
tu-huan-jian-kang-nin-jia
zhang-kong-gao-xue-ya
gao-xue-ya-zhi-liao-guan-jia
xue-ya-xue-zhi-bao-jian-guan
yue-tang-jian-kang-you-hua
xue-ya-zhun-xiao-zhun-xue
gao-xue-ya-kang-fu-bao-dian
xun-yi-wen-yao-mian-fei-yi
gao-xue-ya-zhi-nan-gao-xue
xue-ya-diao-yang-ke
gao-xue-ya-zhi-duo-shao-gao
kang-kang-xue-ya-lian-tong-ban
xue-ya-guan-jia
lao-nian-yang-sheng-man-xing
tian-tian-xue-ya
ban-ge-yi-sheng
jian-kang-yang-sheng-jian
yi-xue-xiao-gong-ju-zui-zhi
yi-fang-jian-kang-ri-ji-zui
ji-shi-xin-lu-xin-zang-jian
tai-guan-jia-jian-kang-zi
xi-meng-jian-kang
zhang-shang-yi-sheng-zhang
jin-dian-xue-ya-guan-li
xue-ya-smart-xue-ya-smartbp
jian-kang998-wen-yi-sheng
wei-xun-yi-dong-yi-liao-gua
yi-sheng-shu-zai-xian-wen
kuai-su-wen-yi-sheng-guo-nei
dong-ri-zhong-yi
runtastic-heart-rate-xin-lu
hao-da-fu-zai-xian-zi-xun
gao-xue-ya
guan-jia-yi-sheng
zhong-yi-zhi-liao-yang-sheng
zhong-yi-jian-kang-xue-wei
mu-biao-jian-kang-wo-hu-lian
sheng-ming-shu-xue-ya-tong
jian-kang-zhong-xin
xi-en-jian-kang-zai-xian-wen
jian-ya-bao
ifora-mp
control-tension
accutension

https://itunes.apple.com/cn/app/xue-ya-guan-jia-gao-xue-ya/id702674599?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya-zhi-liao-mi-ji/id1114253242?mt=8
https://itunes.apple.com/cn/app/ti-jian-bao-ce-xue-ya-xin/id1062204827?mt=8
https://itunes.apple.com/cn/app/kang-kang-xue-ya-gao-xue-ya/id901362833?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya-guan-jia/id929001721?mt=8
https://itunes.apple.com/cn/app/tu-huan-jian-kang-nin-jia/id1117812930?mt=8
https://itunes.apple.com/cn/app/zhang-kong-gao-xue-ya/id740362713?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya-zhi-liao-guan-jia/id1123479879?mt=8
https://itunes.apple.com/cn/app/xue-ya-xue-zhi-bao-jian-guan/id1039779655?mt=8
https://itunes.apple.com/cn/app/yue-tang-jian-kang-you-hua/id984660846?mt=8
https://itunes.apple.com/cn/app/xue-ya-zhun-xiao-zhun-xue/id1053971682?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya-kang-fu-bao-dian/id1020760423?mt=8
https://itunes.apple.com/cn/app/xun-yi-wen-yao-mian-fei-yi/id586157918?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya-zhi-nan-gao-xue/id1123479947?mt=8
https://itunes.apple.com/cn/app/xue-ya-diao-yang-ke/id1147080258?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya-zhi-duo-shao-gao/id978579995?mt=8
https://itunes.apple.com/cn/app/kang-kang-xue-ya-lian-tong-ban/id957638415?mt=8
https://itunes.apple.com/cn/app/xue-ya-guan-jia/id740435884?mt=8
https://itunes.apple.com/cn/app/lao-nian-yang-sheng-man-xing/id1035227589?mt=8
https://itunes.apple.com/cn/app/tian-tian-xue-ya/id957664096?mt=8
https://itunes.apple.com/cn/app/ban-ge-yi-sheng/id949812115?mt=8
https://itunes.apple.com/cn/app/jian-kang-yang-sheng-jian/id741986807?mt=8
https://itunes.apple.com/cn/app/yi-xue-xiao-gong-ju-zui-zhi/id474137855?mt=8
https://itunes.apple.com/cn/app/yi-fang-jian-kang-ri-ji-zui/id1005493950?mt=8
https://itunes.apple.com/cn/app/ji-shi-xin-lu-xin-zang-jian/id409625068?mt=8
https://itunes.apple.com/cn/app/tai-guan-jia-jian-kang-zi/id1091138728?mt=8
https://itunes.apple.com/cn/app/xi-meng-jian-kang/id927853584?mt=8
https://itunes.apple.com/cn/app/zhang-shang-yi-sheng-zhang/id1104230972?mt=8
https://itunes.apple.com/cn/app/jin-dian-xue-ya-guan-li/id898638656?mt=8
https://itunes.apple.com/cn/app/xue-ya-smart-xue-ya-smartbp/id519076558?mt=8
https://itunes.apple.com/cn/app/jian-kang998-wen-yi-sheng/id1033474431?mt=8
https://itunes.apple.com/cn/app/wei-xun-yi-dong-yi-liao-gua/id790208995?mt=8
https://itunes.apple.com/cn/app/yi-sheng-shu-zai-xian-wen/id922382896?mt=8
https://itunes.apple.com/cn/app/kuai-su-wen-yi-sheng-guo-nei/id521634552?mt=8
https://itunes.apple.com/cn/app/dong-ri-zhong-yi/id997661048?mt=8
https://itunes.apple.com/cn/app/runtastic-heart-rate-xin-lu/id583311988?mt=8
https://itunes.apple.com/cn/app/hao-da-fu-zai-xian-zi-xun/id919502358?mt=8
https://itunes.apple.com/cn/app/gao-xue-ya/id909967547?mt=8
https://itunes.apple.com/cn/app/guan-jia-yi-sheng/id882701452?mt=8
https://itunes.apple.com/cn/app/zhong-yi-zhi-liao-yang-sheng/id1038340460?mt=8
https://itunes.apple.com/cn/app/zhong-yi-jian-kang-xue-wei/id1043463327?mt=8
https://itunes.apple.com/cn/app/mu-biao-jian-kang-wo-hu-lian/id477774973?mt=8
https://itunes.apple.com/cn/app/sheng-ming-shu-xue-ya-tong/id1180490472?mt=8
https://itunes.apple.com/cn/app/jian-kang-zhong-xin/id698833425?mt=8
https://itunes.apple.com/cn/app/xi-en-jian-kang-zai-xian-wen/id1052965802?mt=8
https://itunes.apple.com/cn/app/jian-ya-bao/id1027250761?mt=8
https://itunes.apple.com/cn/app/ifora-mp/id834184294?mt=8
https://itunes.apple.com/cn/app/control-tension/id721696484?mt=8
https://itunes.apple.com/cn/app/accutension/id1067641040?mt=8

iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
iOS
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Table 5: Continued.

Number
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73

APP name

Link to APP (accessed by 31 Oct. 2016)

Platform

dooland-health-bpmanager
supertw-apppj-bp
blt-bp
bloodpressurelog
iBP Monitor
weightcaloriewatch
trackermonitor
feelymos-bluebp
actionbloodpressure
hj-healthcare
smartbloodpressure
kang-hypertension
freshware-bloodpressure
Bpservier
ﬀree-BloodPressure
lite-bptracker
cchong-BloodPressure
openit-bpdiary
bpressure
bpbuster
jiang-kang-miao-guan-jia
HealthCheck
mengtaoye-mybloodpressure
cardiojournal

http://www.webcitation.org/6xCa4YqBt
http://www.webcitation.org/6xCaKiKTO
http://www.webcitation.org/6xCaPOalz
http://www.webcitation.org/6xCaRlZxF
http://www.webcitation.org/6xCaWCwSc
http://www.webcitation.org/6xCaix95N
http://www.webcitation.org/6xCakIasU
http://www.webcitation.org/6xCalP6JE
http://www.webcitation.org/6xCarnW7T
http://www.webcitation.org/6xCauWalE
http://www.webcitation.org/6xCayhkxh
http://www.webcitation.org/6xCazfzc0
http://www.webcitation.org/6xCb0kuIg
http://www.webcitation.org/6xCb5j9dy
http://www.webcitation.org/6xCb6mEyO
http://www.webcitation.org/6xCbQpIuT
http://www.webcitation.org/6xCbRil0d
http://www.webcitation.org/6xCbUNW1L
http://www.webcitation.org/6xCbXgAk9
http://www.webcitation.org/6xCbozy42
http://www.webcitation.org/6xCbphofx
http://www.webcitation.org/6xCbqROiD
http://www.webcitation.org/6xCbr6SCC
http://www.webcitation.org/6xCc4gCYU

Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android
Android

show that mainland China was the second largest economy
with GDP up to 10,140 billion dollars [36], but its population
was also the largest [37]. Even worse, its medical expenditure was only 5.95% of GDP [38], and the per capita
medical cost was 438 US dollars or only 1/22 that of
the US [39]. Moreover, the medical resources were very
unbalanced between urban and rural areas, as the medical
expenditure in urban areas was 2.52 times that in rural
areas [40]. Due to a lack of a comprehensive hierarchical
diagnosis and treatment system, rural patients do not
have access to locally qualiﬁed medical resources and
instead swarm into cities and compete with urban patients
for limited special medical resources. On the contrary,
owing to their functional characteristics, mainland-made
mHealth APPs utilize the prevalence, convenience, and
instant barrier-free access of smart mobile devices in
China, which partially facilitate the acquisition of health
information and medical services by this segment of
patients and at least improve their chances to acquire services from doctors.

5. Suggestions
5.1. Create Professional mHealth Data Mining and Analysis.
A professional mHealth APP should be decided by user
retention and loyalty. If an APP only simply acquires,

organizes, and displays data, such as the simple teaching of
health-related information as popularization, propaganda,
and education (A1, A2), then its attraction to users will gradually decrease. To continually expand the user group, APP
need support from relevant data analysis and mining backend platforms that professionally analyze the data uploaded
by users and convey it to users in an easy and understandable
way. In response to the health problems identiﬁed from data
analysis, the backend platforms can give reasonable and
eﬀective recommendations. When a user experiences an
improvement in health status, he/she spontaneously has
retention and thereby loyalty.
5.2. Improve User Privacy Protection Mechanisms. Owing to
the uniqueness of the “Internet + healthcare” mode, user
information becomes more concentrated and accessible,
so there might be bugs in any link between online and
oﬄine, which harbor the risk of leaking user identity
information and health data. Thus, it is urgent to build
third-party Internet health information management platforms that rely on the industry association and improve
user privacy protection mechanisms. Users are suggested
to strengthen their consciousness of privacy protection
and their sense of data possession and autonomous acquisition rights. Medical staﬀ is recommended to suﬃciently
respect users’ right of informed consent and not to use or
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Type

Platform

iOS, 49, 67%

TCM: traditional
Chinese medicine,
3, 4%

MWM: modern
western medicine,
70, 96%

Android, 24, 33%

Russia, 1, 1%

Region

Subject area

Developer

Individual, 9,
12%

Institution, 64,
88%

Multilanguages support

Japan, 1, 1%
Korea, 1, 1%
Poland, 1, 1%
Hong Kong, China,
3, 4%

Medicine, 51, 70%
Health, 22, 30%

Pakistan, 1, 1%
Malaysia, 1, 1%
Singapore, 1, 2%
Taiwan, China, 6,
8%
France, 2, 3%
Canada,
Germany, 1, 2%
1, 2%

Yes, 49, 67%

Mainland China,
49, 67%

No, 24, 33%

USA, 4, 6%

Figure 2: Distributions of the selected APPs by platform, type, developer, regions, subject area, and multilanguage support.

leak user private information. Technically, the construction of third-party health information management platforms should be based on privacy protection systems
with controlled data access; through the access-right
restriction, it is ensured the accessing subject (medical
staﬀ) only reasonably and legally uses the accessed object
(data deposited in the mHealth APP). Moreover, relevant
functional departments and the industrial association are
recommended to enhance supervision and management
over the participating subject.
5.3. Improve Relevant Laws and Regulations. The legal subjects of mHealth include medical staﬀ, users, medical institutions, and APP service providers, but their deﬁnitions and
speciﬁcations in relevant Chinese laws are ambiguous. However, relevant laws and regulations should be improved as
APP users are going to more frequently use Internet health
and mobile medical intelligent devices.
5.4. Enhance Supervision and Management over mHealth
APP and Wearable Medical Equipment. The mHealth
APP and wearable medical equipment are supplementary
to each other under the age of big data. The supplement
of high-precision wearable equipment to the mHealth
APP will largely promote the realization of targeted and
individualized medical treatment, especially for chronic
diseases such as high blood pressure. Thus, the industrial
association is recommended to establish inclusion criteria
for mHealth APPs and wearable medical equipment, which
should ensure security, practicability, and eﬀectiveness but
not restrict the development and innovation in this industry. When using a mHealth APP, users usually ﬁrst ﬁnd out
the quality defects and risks. Thus, it is recommended to

build a supervision feedback channel, so users will become
the main force to monitor and supervise the quality of
mHealth APPs and wearable medical equipment. In this
way, feedback, complaining, information coordination,
and data release can be realized freely, and APPs with risks
can be identiﬁed.

6. Limitations
This work has some limitations. Although the current
testing ﬂowchart aimed to maximize accuracy and objectivity, the research eﬀectiveness might be limited from
the following aspects. This work is based on 73 product
samples and adopts usefulness indices for the ﬁrst time
for a systematic quantitative investigation into hypertension management and control mHealth APPs, which are
products from a vertical subdivided domain. This investigation reveals the cross-sectional snapshot of the mHealth
industry in mainland China in October 2016. First, the
acquired APPs are small in number and target at the
management of hypertension, so we are unable to
completely explain the behaviors of the mHealth APP
market. Second, this work was limited to non-HCP users
and excluded HCP users. These two types of APP users
are completely diﬀerent in nature. In addition, paid APPs
were excluded. The above reasons might have led to deviation in the analytical results.

7. Research Directions and Developing Trends
Future research trends should include medical institutions, HCP, and governmental duty oﬃces. Therefore,
service systems, laws and regulations, and business-

gao-xue-ya-guan-jia
zhang-kong-gao-xue-ya
3

0
2
2

proﬁting modes should be comprehensively analyzed
from higher levels. More comprehensive sample subdivision
should be studied, targeting personalized usability
6
5
6
5
5

Others (data security and privacy protection)

Others (time axis-based data display)

Others (emergency contact)

Localization service
Automatic and/or manual data processing
Appointed registration

Popularization, propaganda and education
Drug use information records
Calendar-based reminder

Communication and social networks
19

10
11 11

accutension

14

ifora-mp

cardio journal

mengtaoye-my blood pressure

Health check

17

control-tension

15

jian-ya-bao

13

xi-en-jian-kang-zai-xian-wen

16

jian-kang-zhong-xin

9
jiang-kang-miao-guan-jia

14

sheng-ming-shu-xue-ya-tong

11
12

zhong-yi-jian-kang-xue-wei

14

bp buster

17

mu-biao-jian-kang-wo-hu-lian

Localization service

bpressure

9

guan-jia-yi-sheng

15

openit-bp diary

11

zhong-yi-zhi-liao-yang-sheng

Others (time axis-based data display)

Others (emergency contact)
Popularization, propaganda, and education

gao-xue-ya

Others (data security and privacy protection)

hao-da-fu-zai-xian-zi-xun

18 18

dong-ri-zhong-yi

8

runtastic-heart-rate-xin-lu

13

cchong-Blood pressure

lite-bp tracker

16

kuai-su-wen-yi-sheng-guo-nei

16

yi-sheng-shu-zai-xian-wen

ffree-Blood pressure

10

wei-xun-yi-dong-yi-liao-gua

22 22

jian-kang998-wen-yi-sheng

19

Bp servier

14

xue-ya-smart-xue-ya-smartbp

21

jin-dian-xue-ya-guan-li

freshware-blood pressure

13

zhang-shang-yi-sheng-zhang

Automatic and/or manual data processing

xi-meng-jian-kang

kang-hyper tension

smart blood pressure

18

tai-guan-jia-jian-kang-zi

12

yi-fang-jian-kang-ri-ji-zui

19

ji-shi-xin-lu-xin-zang-jian

18

jian-kang-yang-sheng-jian
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research involving the demands of users with diﬀerent
age groups, cultures, and habits. Moreover, problems regarding the supervision and management, security, privacy,
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and reliability of mHealth APPs should be solved as soon
as possible.
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Cardiovascular disease is the ﬁrst cause of death around the world. In accomplishing quick and accurate diagnosis, automatic
electrocardiogram (ECG) analysis algorithm plays an important role, whose ﬁrst step is QRS detection. The threshold algorithm
of QRS complex detection is known for its high-speed computation and minimized memory storage. In this mobile era,
threshold algorithm can be easily transported into portable, wearable, and wireless ECG systems. However, the detection rate of
the threshold algorithm still calls for improvement. An improved adaptive threshold algorithm for QRS detection is reported in
this paper. The main steps of this algorithm are preprocessing, peak ﬁnding, and adaptive threshold QRS detecting. The
detection rate is 99.41%, the sensitivity (Se) is 99.72%, and the speciﬁcity (Sp) is 99.69% on the MIT-BIH Arrhythmia database.
A comparison is also made with two other algorithms, to prove our superiority. The suspicious abnormal area is shown at the
end of the algorithm and RR-Lorenz plot drawn for doctors and cardiologists to use as aid for diagnosis.

1. Introduction
Cardiovascular disease has been the largest threat to
human life for decades, and millions of people died due
to delayed treatment. Today, doctors and cardiologists
diagnose cardiovascular disease mainly through electrocardiogram (ECG), precise ones of which are available. Nevertheless, with the rapid increase of data, how to achieve
better automatic ECG analysis has become the key point.
As the most signiﬁcant information of ECG, QRS complex
needs to be identiﬁed more precisely for better automatic
ECG analysis.
In 1947, American physicist, Dr. Norman J. Holter,
invented a continuous bioelectric recording technique. Since
then, the dynamic ECG playback system (Ambulatory ECG)
and Holter system have been created.
Holter system can record the long-term ECG information, and with the aid of computers, the automatic ECG
analysis and diagnosis are made available.
QRS complex detection is the ﬁrst and the most important step of ECG analysis. After the detection of QRS
complex and the ECG analysis that follows, the cardiologists
can diagnose cardiovascular disease.

QRS complex detection algorithm has been studied for
decades, two major methods of study being hardware and
software methods classiﬁed by the way of realization, of
which hardware methods are, according to literature, far less
ﬂexible and convenient, so that software methods are under
more discussion.
There have been various kinds of software methods, such
as method based on mathematical model, method based on
pattern recognition, method based on image recognition,
method based on the wavelet transform, and method based
on the neural network.
Engelse and Zeelenberg [1] suggested a ﬁlter algorithm
based on ﬁltration and amplifying of thresholds, which
introduced the idea of noise detection, and Ligtenberg
and Kunt [2] improved the denoising eﬀect by using the
FIR band-pass ﬁlter and low-pass diﬀerential phase to
ﬁlter the signal. In 1985, Pan and Tompkins [3] suggested
a simple but practical dual threshold detection algorithm
and accomplished real-time detection, which made it the
most classic paper.
After that, Trahanias et al. [4] suggested a method
based on mathematical morphology whose application
was limited because it required high pretreatment, followed
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Figure 1: Schematic representation of intermediate steps for adaptive threshold algorithm implementation.

by Ruha et al.’s [5] practical matching ﬁlter, which was a
15–40 Hz band-pass ﬁlter, to detect QRS wave for better
signal-noise ratio. However, the method of pattern recognition is rarely used in practical applications due to noise
sensitiveness. In recent years, the method based on wavelet
transform raised public interest for its good time-frequency
localization. And it performs well in detection. Li and Zheng
[6] applied the wavelet transform to the detection of QRS
complex, and Martínez et al. [7] also used the wavelet
transform method for the R wave positioning and QRS
region detecting. They both performed well in denoising
and reached a high detection rate. Nevertheless, it was not
suitable when it comes to portable ECG system because of
its huge computational complexity. After that, with the
popularization of machine learning and large data, the neural
network algorithm once again comes into the public view.
Xue et al. [8] suggested the neural network-based adaptive
matching ﬁlter method, and Saini et al. [9] used KNN
algorithm for QRS detection and achieved a high accuracy
in 2013. But due to the large amount of computation and
large occupation of space, it was not widely accepted.
The method of threshold detection has been widely
used in dynamic QRS detection because of its clear
thoughts, high speed, and small occupation of RAM. Most
of them can be realized in real-time detection, and for
portable, wearable, and wireless ECG systems, it is a very
suitable algorithm but the accuracy of detection still needs
further improvement [10].
Therefore, an improved adaptive threshold algorithm is
introduced in this paper for higher accuracy, which is the
main point of our work. The detection rate of this algorithm
is enhanced while its speed is still fast. The last but not the
least, it can also show the suspicious abnormal area and draw
the RR-Lorenz plot at the end of the algorithm, which can aid
the doctors and cardiologists to diagnose.

2. Overview of Algorithm
A schematic representation of intermediate steps for adaptive
threshold algorithm implementation is drawn in Figure 1. In
general, the overall detection process can be divided into
four stages: (1) preprocessing, (2) peak ﬁnding, (3) adaptive
threshold QRS detecting, and (4) displaying of abnormal
area and drawing of RR-Lorenz plot. The tasks of QRS
detection is performed and described as follows.
The principle of the threshold algorithm for QRS
detection is that the QRS complex is the most characteristic
band in ECG and has a high slope and apparent wave crest.
Then, after concentrating this information, using a threshold
to detect QRS complex becomes feasible. However, in the
actual process, the ﬁrst problem is that the ECG data
collected from Holter device is noisy, which interferes with

the detection a lot. There are three main types of noises:
frequency interference, baseline drift, and EMG noise.
Therefore, a preprocessing step for the data is necessary
in order to remove the noise while focusing and amplifying
the signals needed.
Preprocessing is basic and indispensable for this algorithm. Most noises mentioned above can be ﬁltered out by
using a band-pass ﬁlter because the main energy of QRS
is in the range of 5–15 Hz. Then, the data is diﬀerentiated
to ﬁgure out the highlight of the slope. However, the T
wave also has a slope. To divide T and QRS waves, the
feature is ampliﬁed by squaring and then this information
is collected by window integration. After that, preprocessing
step is completed.
The signals are integrated after the preprocessing step so
that the detection is simpliﬁed, and here comes the crucial
step: ﬁnding peaks. In this algorithm, peaks are regarded as
the candidates of the QRS complex. When peaks are found,
the nearby samples are checked to select the largest signal.
After ﬁnding all the candidates, the improved adaptive
threshold algorithm is used to detect QRS complex. Firstly,
an initial threshold is set, using the maximum signal of the
ﬁrst part of the sample. The threshold will adjust automatically according to the value of the candidate peaks in the
process of detection, and there is a buﬀer to record the RR
interval, which is used for the adaptive threshold. Because
the heartbeat is continuous for a living person, when the
algorithm does not ﬁnd a QRS complex for a long time, it will
adjust greatly.
When the detection is completed, it will display the
suspicious risky arrhythmia location and draw the RRLorenz diagram to aid doctors and cardiologists to diagnose
and give advice.
In this paper, we propose an improved adaptive threshold algorithm. In the algorithm, we put forward a peakﬁnding step for candidate selecting. Instead of using a barely
local max as a candidate, a special method is applied. This
step helps to ﬁnd candidates of QRS waves more precisely
and contributes a lot to QRS detection. And the threshold
method is thus improved, which can adjust adaptively in
the process of candidate selection. However, the threshold
adjusts massively if it is thought to be in special conditions.
The average of RR interval is also improved and is combined
with time interval for condition judgment. Lastly, it will
display the suspicious risky arrhythmia location and draw
the RR-Lorenz diagram to aid doctors and cardiologists to
diagnose and give advice.

3. Methodology
In this section, the proposed algorithm for the detection of
QRS complex is described.
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Figure 2: Preprocessing.

3.1. Preprocessing. Firstly, in order to attenuate noise, the
signal passes through a digital band-pass ﬁlter composed of
cascaded high-pass and low-pass ﬁlters. The desirable passband is in the range of 5–12 Hz. The following process is
diﬀerentiation. The squaring process intensiﬁes the slope of
the frequency response curve of the derivative. The moving
window integrator produces a signal that includes information of the slope and the width of the QRS complex [3].
Figure 2 shows the process of preprocessing. After preprocessing, the desired energy is concentrated and ampliﬁed.
The following paragraphs describe the detail realizations
and the principles of the steps of preprocessing.
3.1.1. Low-Pass Filter. The diﬀerence equation of the ﬁlter is
y nT = 2y nT − T − y nT − 2T + x nT
− 2x nT − 6T + x nT − 12T

1

Its delay is 6 sampling points.
3.1.2. High-Pass Filter. The diﬀerence equation is
y nT = 32x nT − 16T − y nT − T + x nT − x nT − 32T

2
The delay is 15 sampling points.
3.1.3. Diﬀerentiation. The diﬀerence equation is
y nT =

1
8

−x nT − 2T − 2x nT − T
+ 2x nT + T + x nT + 2T

3

3.1.4. Squaring. The squaring process ampliﬁes the slope of
the frequency response.
The diﬀerence equation is
y nT = x nT

2

4

3.1.5. Integration. The value is summed through a moving
window with the width of 24 points (66.7 ms).
The diﬀerence equation is
y nT =

1
N

x nT − N − 1 T

5

+ x nT − N − 2 T + ⋯ + x nT
3.2. Peak Detection. Here is a very critical step. When the preprocessing is completed, the following step is to determine
the possible peaks as the candidates of the QRS complex.
Read the input and record the most recent encountered
maximum value. When the current value dropped to half of
the last max value, it records the maximum value of a peak;
if it does not ﬁnd a peak in 300 record points, a local max
value is selected. Finally, the peaks are checked and the
largest value would be remained if the peak distance is less
than 80 sampling points (222 ms).
Figure 3 shows the peaks that the algorithm detects,
the red lines show their positions, and these peaks are
the candidates of the QRS complex’s position.
3.3. Threshold Detection. Firstly, initialize the threshold. The
max of the ﬁrst sampling point is to be found. It deﬁnes two
kinds of peaks: signal peak and noise peak.
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M VAL = max INPUT 1 300 ,
SPK = 0 13 ∗ M VAL,
NPK = 0 1 ∗ SPK,

6

THRESHOLD = 0 25 ∗ SPK + 0 75 ∗ NPK,
where INPUT is the signal after preprocessing, M_VAL is the
max of the ﬁrst 300 sampling point, SPK is the estimate of the
signal peak, NPK is the noise peak, and THRESHOLD is the
applied threshold.
Then the peaks, which are the candidates of QRS complex, are traversed. If a peak value is larger than the threshold,
we mark it as a QRS complex, and then the SPK value is
refreshed. Otherwise, we judge it as a noise peak and the
NPK value is refreshed.
At the same time, the latest ten QRS complex is stored
in a buﬀer and then the average RR interval of them is
calculated. The RR interval is used to judge the state of
the patient, because when the RR interval turns to be
too large or too tight, it suggests that adjustment to the
strategy is needed in time.
RRn−9 + RRn−8 + ⋯ + RRn
AVE RR =
10

complex and otherwise as a noise peak. And the threshold
is automatically adjusted. Figure 5 shows that in the region
of unstable heart rate, the threshold reduces sharply and
ﬁnally ﬁnds the QRS complex.
3.4. Report Abnormal Region. When the algorithm does not
ﬁnd a QRS complex in 1000 ms, the RR interval is thought
to be too large. It means the function of the heart may be
suﬀering [11]. So, the region is displayed for the doctor or
cardiologist to diagnose.
Figures 6 and 7 show examples of displaying of suspicious abnormal region. The green line points to the region.
The upper image shows the integration and thresh that
algorithm detects to aid the doctor to analyze, and the lower
one shows the original signal and the nearby QRS complex
it detects.
3.5. RR-Lorenz Plot. After detection, the RR-Lorenz plot is
drawn. It is the most used method in clinical practice. It
reﬂects the variation of RR interval. The RR-Lorenz plot aids
the doctor to diagnose [12].
X = RRN ,
Y = RR N+1

7

If a QRS complex is not found in a long time, the threshold adjusts immediately because the heart rate is continuous.
If it does not ﬁnd a peak in 400 sampling points (1111 ms) or
1.5 times RR interval, it reduces the SPK value by half:
SPK = 0 5 ∗ SPK

Figure 4: The detected QRS complex and the red line is the
threshold value.

8

And then it refreshes the THRESHOLD and looks back
from the last detected QRS complex. After traversing all the
peaks, this step is ﬁnished.
Figure 4 shows the detected QRS complex and the
variation of the threshold after each detected peak. If the peak
value is larger than the threshold, it is marked as a QRS

9

X-axle is the present RR interval; Y-axle is the next
RR interval.
Figure 8 is record number 100 of the MIT-BIH, and
Figure 9 is record number 108, in which we can ﬁnd that
the RR-Lorenz plot reﬂects the condition of the heart in a
global view. The relatively normal record number 100 is
much neater than record number 108.

4. Evaluation
The database used for algorithm detection is the classic MITBIH Arrhythmia database, which is the most commonly used
QRS wave detection library. This library contains 48 half-
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Figure 5: The threshold changes adaptively and ﬁnds the QRS complex.
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Figure 6: Example of reporting suspicious region.

hour records, a total of twenty-four hours of ECG data [13].
Each data is made up of two paths, the sampling frequency is
360 Hz, and two cardiologists have annotated all the beats,
which contains more than 109,000 beats.
This algorithm used the MIT-BIH Arrhythmia database
to evaluate this QRS detection algorithm. It uses MATLAB
(R2015b) as the software in OS X EI Capitan of Macbook
Pro. The CPU is 2.7 GHz Intel Core i5 with 8 G 1876 MHz
DDR3 RAM.
Here, detection is said to be true positive (TP) and if the
algorithm fails to identify QRS complex, it is called false

negative (FN). If the algorithm detects non-QRS complex
as QRS complex, it is thought to be false positive (FP).
actual beats − f ailed
,
actual beats
TP
sensitivity Se =
,
TP + FN
Detection rate =

specif icity Sp =

TP
TP + FP

10
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Figure 8: RR-Lorenz plot of record number 100 of MIT-BIH
Arrhythmia database.

The 24 h MIT-BIH database concludes more than
1–109000 beats; Table 1 shows the detection rate of the
algorithm for MIT-BIH Arrhythmia database.
As Table 1 shows, for the actual 109966 beats, it successfully found 109653 beats. It has 337 FP and 313 FN. The
detection rate is 99.41%, with Se = 99.72% and Sp = 99.69%.
Also, a comparison is made with two other real-time
algorithms. And our algorithm performs well in detection
rate, speciﬁcity, and sensitivity. The data is shown in Table 2.
In comparison, we compare our algorithm with two
real-time algorithms. We ﬁrst apply with the well-known
Tompkins algorithm [3]. After preprocessing, it uses a
dual-threshold method for QRS detection. But this algorithm

0

200

400

600

800 1000 1200 1400 1600 1800
RR(N)

Figure 9: RR-Lorenz plot of record number 108 of MIT-BIH
Arrhythmia database.

does not perform well in record 108 with tall P waves and
record 222 with baseline drift while our algorithm works
better, especially in dealing with baseline drift. Chen et al.
[14] used wavelet denoising for decision making. However,
it failed to detect PVC’s, for example, in record 208, but our
algorithm detects most of them. Yet our algorithm does not
perform very well with large number of supraventricular
ectopic beats in record 232.

5. Conclusion
In this paper, QRS complex detection algorithm based on
improved adaptive threshold method is proposed and
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Table 1: Results of evaluating threshold algorithm using MIT-BIH
Arrhythmia database.
Num

Actual

TP

FP

FN

Det_Rate

100
101
102
103
104
105
106
107
108
109
111
112
113
114
115
116
117
118
119
121
122
123
124
200
201
202
203
205
207
208
209
210
212
213
214
215
217
219
220
221
222
223
228
230
231
232
233
234
48

2273
1865
2187
2084
2229
2572
2027
2137
1763
2532
2124
2539
1795
1879
1953
2412
1535
2278
1987
1863
2476
1518
1619
2601
1963
2136
2980
2656
2332
2955
3005
2650
2748
3251
2262
3363
2208
2154
2048
2427
2483
2605
2053
2256
1571
1780
3079
2753
109966

2272
1865
2187
2082
2229
2572
2021
2132
1763
2527
2122
2538
1794
1879
1952
2401
1534
2277
1986
1861
2475
1514
1618
2600
1944
2128
2964
2651
2260
2945
3005
2601
2747
3243
2260
3359
2203
2152
2047
2404
2479
2583
2053
2255
1570
1780
3071
2748
109653

0
3
0
1
16
44
1
1
41
1
1
1
0
6
1
3
1
1
2
1
1
1
1
2
6
3
14
1
12
3
1
3
1
0
1
1
1
2
1
1
2
1
10
1
1
139
1
1
337

1
0
0
2
0
0
6
5
0
5
2
1
1
0
1
11
1
1
1
2
1
4
1
1
19
8
16
5
72
10
0
49
1
8
2
4
5
2
1
23
4
22
0
1
1
0
8
5
313

0.99956
0.99839
1.00000
0.99856
0.99282
0.98289
0.99655
0.99719
0.97674
0.99763
0.99859
0.99921
0.99944
0.99681
0.99898
0.99420
0.99870
0.99912
0.99849
0.99839
0.99919
0.99671
0.99876
0.99885
0.98726
0.99485
0.98993
0.99774
0.96398
0.99560
0.99967
0.98038
0.99927
0.99754
0.99867
0.99851
0.99728
0.99814
0.99902
0.99011
0.99758
0.99117
0.99513
0.99911
0.99873
0.92191
0.99708
0.99782
0.99409

Table 2: Comparison with other algorithm.
Method

Se (%)

P+ (%)

Er (%)

Our algorithm
Pan and Tompkins [3]
Chen et al. [14]

99.72
99.75
99.47

99.69
99.54
99.54

0.59
0.71
0.98

validated with the MIT-BIH Arrhythmia database. Furthermore, the possibility of detecting QRS position of normal
and abnormal QRS complex with inﬂuence of many artifacts
is studied. In this work, we devoted to improved adaptive
threshold algorithm. We also displayed the abnormal area
and draw the RR-Lorenz plot for the doctor or the cardiologist to aid their diagnosis. The performance of the proposed
algorithm gives the detection rate of 99.41%, sensitivity of
99.72%, and speciﬁcity of 99.69% on MIT-BIH Arrhythmia
database. The algorithm is performing better in detecting
beats with tall P waves and PVCs in comparison with traditional algorithm, which improved the speciﬁcity and the
overall detection rate. With the advantages of threshold
method’s high-speed and small space occupation, this
algorithm can be easily transplanted to portable, wearable,
battery-operated, and wireless ECG systems.
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Nowadays, due to the growing need for remote care and the constantly increasing popularity of mobile devices, a large amount of
mobile applications for remote care support has been developed. Although mobile phones are very suitable for young people, there
are still many problems related to remote health care of the elderly. Due to hearing loss or limited movements, it is diﬃcult for the
elderly to contact their families or doctors via real-time video call. In this paper, we introduce a new remote health-care system
based on moving robots intended for the elderly at home. Since the proposed system is an online system, the elderly can contact
their families and doctors quickly anytime and anywhere. Besides call, our system involves the accurate indoor object detection
algorithms and automatic health data collection, which are not included in existing remote care systems. Therefore, the
proposed system solves some challenging problems related to the elderly care. The experiment has shown that the proposed care
system achieves excellent performance and provides good user experience.

1. Introduction
Due to the rapid increase of elderly population, China has
become an aging society. At the same time, young people
must go to work, which shortens human resource for
elderly health care. The population report [1] indicates
that the average age in the world increased from 23.5 in
1950 to 28.5 in 2010 and it is expected that it will increase
from 29 to 36 between 2013 and 2050 and to 41 in 2100.
The proportion of older people (people older than 60
years) increased from 9.2% in 1990 to 11.7% in 2013,
and it will reach 21.1% by 2050. Globally, 40% of people
older than 60 years live independently, with their spouse
only, and it is expected that this number will increase in
the future. These “empty-nest” people can easily get into
trouble at their homes because they can suﬀer from sudden
health problems.
Currently, there are two main problems related to elderly
health care: a real-time communication with family or doctors and a proper mothering. Due to the hearing loss or
decreased movement ability, the elderly can ﬁnd it diﬃcult

to conduct a video call because they might not know how
to conduct a real-time communication. For instance, it will
be very dangerous if an elderly tumbles while he/she is alone
at home. Therefore, a continuous and sustainable remote
care system for the elderly at home is urgently needed.
In general, there are two kinds of robots used for general
care. The ﬁrst kind are child robots [2], which were made
mainly to look after the children. They usually have quick
action or naive interaction which might scare or frustrate
the elderly. The other kind are professional health-care
robots, which are mainly very large and they are commonly
used in hospitals. Although these robots can provide satisfactory care, they are very costly and most families cannot aﬀord
them. Moreover, common indoor rooms do not have enough
space for them.
With the aim of solving the mentioned problems, a
remote health-care system based on moving robots intended
for the elderly at home is proposed. The main functions of
the proposed system are shown in Figure 1. In contrast to
the existing care systems, the proposed care system integrates
the following practical and fundamental functions:
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Figure 1: Block structure of the remote health-care system based on moving robot intended for elderly at home.

(i) The elderly can control robot movement and
call their families or community physicians by
video/voice.
(ii) The family can remotely control robot movement
and conduct video calls with the elderly via mobile
phones.
(iii) The system supports accurate object detection
and pose estimation. On the one hand, the posture of the elderly can be monitored; namely, the
system will automatically alarm in case the elderly
tumbles and the elderly can also control the robot
through postures.
(iv) The health data can be collected and transmitted to
the cloud by sensors connected to the robot. These
historical health records can provide very important
reference to doctors.

2. Related Work
In this section, the review of related remote health-care systems is provided and their drawbacks are discussed.
2.1. Remote Health-Care System. Due to the gradual increase
of the elderly population, the use of novel technologies in
remote health-care systems, as assistant robot systems such
as Care-O-Bot [3], Pearl [4], and HOBBIT [5], has increased.
These systems are equipped with tablets, sensors, and other
devices, and they can provide various services such as speech
interaction and video call.
2.2. Speech Recognition and Voice Interaction. The automatic
speech recognition technology proposed by IEEE [6] eﬀectively reduces errors in speech recognition.
De Wachter et al. [7] presented a speech recognition
technology based on template matching; namely, they
attempted to overcome voice recognition problems using
the straightforward template matching. Maier-Hein et al.
[8] put forward a speech recognition technology based on
muscle electrical signal. Nevertheless, this method is too difﬁcult to be used by elderly at home. Yu et al. [9] attempted to
improve the accuracy of speech recognition using the depth
neural network model.

2.3. Video Call. Yu et al. [10] proposed a method for transmission of high-quality video signals through Wi-Fi network.
They studied three popular mobile video-call applications:
FaceTime, Google Plus’ Hangouts, and Skype. Lewcio et al.
[11] presented a technology for coding and decoding of video
signals, which is applicable to all video calls. He proposed a
technique for replacement of video codec during real-time
video transmissions. Zhang et al. [12] developed a method
for adjusting the video call quality in diﬀerent network environments based on the rate control. They studied the rate
control and video quality of Skype video calls and analyzed
their network impacts on large-scale networks. Goudarzi
et al. [13] put forward a base model wherein the call quality
can be predicted. They objectively predicted audio and video
calls in wireless applications.
2.4. Pose Estimation. There are many works on pose estimation of a single person, which range from simple part detectors and elaborate body models [14, 15] to tree-structured
pictorial structure models with strong part detectors [16–
18]. In the proposed system, pose estimation relies on integer
linear programming of assemble body-part candidates into
valid conﬁgurations [19].

3. Design of Remote Health-Care System
In this section, the system framework that includes both
hardware and software is introduced and design goals are
presented. In addition, it is described how the voice, health
data, audio/video, and target/pose are detected, processed,
and transmitted. The graphical overview of the proposed system is shown in Figure 2. The four main functions of the proposed care system are as follows:
(1) The elderly can control robot movement and call
families or community physicians by voice.
(2) The outworkers can remotely control robot movement and conduct video calls via mobile phones.
(3) The proposed system is able to detect the target and
estimate its pose, which can determine the elderly
status. Moreover, it can automatically alarm when
the elderly tumbles. Lastly, the robot can automatically follow the elderly.
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Robot

Camera

Sensor

Outworker

Figure 2: The graphical overview of the proposed system. The health data of the elderly can be collected by sensor connected to the robot at
home, and the results can be transmitted to the tablet and stored on the cloud. The health data can be remotely accessed by community
doctors. The face and posture of elderly can be detected and analyzed by moving robot. The instructions such as moving forward and
back and alarm warning can be conducted by moving robot. The robot motion can be controlled by voice. The video/audio call can be
performed between elderly, outworkers, and community doctors.

(a)

(b)

Figure 3: Hardware devices: (a) heart rate sensor and (b) TurtleBot.

(4) The health data of old people can be quickly collected
and transmitted to the cloud using diﬀerent sensors
that can record the historical health conditions of
the elderly, which can help the doctor to judge the
condition of the elderly.

4. Hardware Architecture
The hardware system mainly consists of physical devices,
such as heart rate sensor (Figure 3(a)) and TurtleBot
(Figure 3(b)).

The heart rate sensor is placed close to the elderly, and its
main function is to test the health condition of the elderly
continuously. Gao et al. [20] proposed a health data processing algorithm based on partition tuning-based skew handling
(PTSH), which improved health data analysis eﬃciency. The
elderly can put their ﬁngers on the sensor, and it will transmit
the heart rate of the elderly on the cloud through Wi-Fi. In
this way, the health condition of the elderly can be controlled
by the outworkers and the doctors.
Hitherto, there have been two generations of TurtleBot.
The second generation uses Kobuki (shown in Figure 3(b))
as a control base. In terms of software, the products are
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Figure 4: The ﬂowchart of software framework of the proposed remote health-care system.

developed based on the robot operating system (ROS). The
TurtleBot is placed at home, and families can connect to TurtleBot using their mobile phones; thus, they can control robot
movement. Additionally, TurtleBot can be controlled by
elderly voice.

model W, which can be used to judge whether the recognition result is correct or not. We can also calculate the conﬁdence value from the perspective of pattern recognition. If
we set model W as the class 1 and all additional models as
the class 2 that is labeled as W, then we set the identiﬁcation
function D O which satisﬁes

5. Software Design
The software subsystem used in the proposed care system
improves quality of traditional elderly-care robots. Namely,
it combines video calls, voice control, health data collection,
automatic following, target/face detection, and pose estimation. The speciﬁc ﬂowchart is shown in Figure 4.
5.1. Voice Recognition. The elderly can inevitably face with
problems related to the use of the robot. Currently, it is common that robots operate by voice. Therefore, the elderly can
control robot motions and conduct video calls by voice.
The spoken speech generally contains nonspeech sounds,
such as pause, cough, and environmental noise, which
enhances diﬃculties in the traditional recognition system.
In the ﬁeld of home care for the elderly, the primary
problem relates to the performance improvement of existing
speech recognition systems. The conﬁdence model can be an
eﬀective solution. The conﬁdence values can be utilized to
hypothesize and test the reliability of recognition result and
to locate errors in recognition result, which can improve recognition rate and system robustness.
Conﬁdence refers to the probability of correct operation. The conﬁdence value is a measure of mentioned
probability, and it indicates the event reliability. In speech
recognition, conﬁdence is deﬁned as a function of matching
degree between model data and observed data, and it is
deﬁned as function C x , where X is the factor of event space
x1 , x2 , … , xk Function C x satisﬁes the following condition: if the occurrence reliability of x1 is higher than that
occurrence reliability of x2 , then C x1 ≻ C x2 , the speech
model is set as W, and observed speech is O = o1 , o2 , … ,
on , … , oN and the conﬁdence value of O relative to W is C
O∣W Hence, speech O represents the reliability of speech

D O ≥ 0,

O ∈ W,

D O ≤ 0,

O∈W

1

The identiﬁcation function is equivalent to the conﬁdence value O∣W = D O
According to the conﬁdence level of speech recognition,
the conﬁdence model can be divided into preprocessing
model, integrated model, and postprocessing model.
Namely, conﬁdence value can be utilized to judge the
input signal before recognition. If an input signal does not
match with any models, that can be caused by a low signalto-noise ratio (SNR). In that case, the best solution is to label
the conﬁdence value and request for the possible instructions
to the elderly. In addition, conﬁdence value can be also utilized to distinguish sex, age, and accent of a person. Consequently, the robot could only receive the instructions from
the elderly at home and it would not respond to the instructions from other people. The automatic speech recognition
results are hypothesized and tested by conﬁdence value in
order to verify the speech. The complete speech veriﬁcation
system should include the following steps.
5.1.1. Increase the User Experience by Engagement. The recognition system can recognize limited number of words.
Namely, the speaker might speak words beyond the vocabulary. Moreover, there might be the sounds of breath and
cough. The surrounding environment can also generate some
sudden noise, and all these sounds are collected by the system. If the system fails to judge the sounds correctly, the output is wrong. Consequently, the system might indicate an
incorrect direction and in that case due to the conﬁdence
value system eﬀectively requests for the possible instructions
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Table 1: Keywords.
Number
0
1
2
3
4
5
6

Calculate the distance between the
templates

Instructions

Initialize colony
GEN = 0

Stop
Go forward
Go back
Turn left
Turn right
Lower the head
Raise the head

Select individuals using proportional
method
Overlap
Variation
Store the new colony and calculate
the fitness

which the system missed beyond the vocabulary, which
increase the user experience enormously by engagement.
5.1.2. Keywords Determination. The keywords are recognized
by the following steps. Firstly, the system recognizes the
speech and divides the speech strings into diﬀerent categories
based on grammatical analysis. Secondly, the template
matching distance of keywords is calculated, which denotes
the keyword detection. Thirdly, the conﬁdence values of
selected keywords are estimated and determined, which
denote the keyword determination, which can further reduce
the probability of true keyword loss and wrong keyword
determination. The keywords used in our system are presented in Table 1.
5.1.3. Complete Pronunciation Veriﬁcation. By establishing
the online model and artiﬁcial neural network, the conﬁdence values of entire words or characters at diﬀerent structure levels can be obtained. The conﬁdence values at
diﬀerent levels are accumulated. Then, the conﬁdence value
of a complete sentence is obtained, and the complete pronunciation is veriﬁed.
By researching voice recognition, we ﬁnd that there are
three popular algorithms: dynamic time warping (DTW),
hidden Markov model (HMD), and artiﬁcial neural network
(ANN). DTW is easy to understand and is suitable for the
recognition of isolated words, but it needs a lot of calculation
quantity. HMD is complex and needs a lot of training to get
reference templates, but it clearly describes voice signal generation processes. ANN has no advantage on voice recognition without combining with other voice recognition
algorithms. In the proposed voice system, we mainly recognize keywords, so DTW is feasible. Considering its drawbacks, we study the voice recognition algorithms and
propose a new way named Genetic Algorithms Dynamic
Time Warping (GA_DTW). Its concrete steps are shown in
Figure 5. We compare linear prediction cepstrum coeﬃcient
(LPCC) with Mel frequency cepstrum coeﬃcient (MFCC)
and select MFCC as a feature parameter because it requires
less calculation and more convenient to implement. The
aim of DTW is to ﬁnd a best path to reﬂect the relationship
between reference temple and speech. But GA_DTW abandons the method, and it adopts genetic algorithm to ﬁnd
the best matching path.
Based on above voice interactive technology and system
design, after an appropriate training, the movement and

N

Whether it satisfies the colony
quantity

Y
GEN = GEN + 1
store the distance between the two templates
End

Figure 5: The ﬂowchart of GA_DTW.

video calls of robots can be controlled by a voice, which is
very convenient for elderly at home; thus, they are more
encouraged to use the robot.
5.2. Video Call. In the proposed system, the communication
software is installed both on mobile phone and tablet. The
mobile phone is held by outworker, and tablet is placed on
TurtleBot or held by doctors. The complete process of video
call includes registration, launch, maintenance, termination,
and cancellation. In the meantime, the remote-control
instructions can be also transmitted to tablet; therefore, using
this interface, the robots can conduct various motions, such
as moving forward or backward and turning left or right.
5.3. Pose Estimation. The traditional nursing robots do not
have the ability to detect a tumble or to estimate a posture
of elderly. From the perspective of telenursing, we tried to
design our system such that it can detect the posture of the
elderly in real time and make the corresponding responses.
For instance, if an elderly tumbles, the robot should automatically alarm and notify outworkers or doctors.
At present, the postures are mainly estimated based on
the graph structure model, which is based on the assumption
that there is a constraint relationship between diﬀerent parts
of the body. Each of the body parts faces with a self-occlusion
because camera angle inﬂuences the accuracy of pose estimation. If there are many people in front of the camera, there
will be both self-occlusion and other occlusions, so the fundamental graph structure model cannot meet the requirement for the real-time pose estimation. However, the
proposed system ﬁrstly detects body-part candidates using
a fully connected Convolutional Neural Network (CNN)
based on ResNet, and then it employs the integrated linear
programming to label and cluster the candidates. The aim
of labeling is to mark the candidate’s body class, such as the
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(c)
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Figure 6: Body joints of posture estimation system.

shoulder and head. The aim of clustering is to conﬁrm
whether both candidates belong to the same person. At
the end, the body joints are divided into three subsets:
{head, shoulder}, {elbow, wrist}, and {hip, knee, ankle}.
The subset {hip, knee, ankle} is further divided into two
parts: {hip} and {knee, ankle}. Firstly, three main subsets
are considered, then the head and shoulder (more stable),
and lastly the occlusion relationship model is employed.
The occlusion diagram is extended based on tree structure.
It considers both joint occlusion and abundant occlusion
relationship between contextual information and joint.
Then, we form a preliminary occlusion relationship structure model (Figure 6(a)). With the aim to ensure proper
recognition of the head and shoulder, we add the elbow
and wrist into our system (Figure 6(b)). At the end, the hip,
knee, and ankle are added as it is shown in Figures 6(c)
and 6(d).
5.3.1. The Candidate Choice. We use two steps to implement the posture estimation. Firstly, we need a stable body
detector and a bounding box to label an approximate person location. Then, we analyze the body posture. However,
since there is an occlusion among people, detected bounding boxes often exhibit overlaps, which inﬂuence the posture
estimation. Instead of using people as a detector, a depth fully
convolutional human body detection model named ResNet
is employed. In contrast to the previous models, such as
AlexNet, VGG, and GoogleNet, ResNet can detect a body
posture. The body-part detection model has up to 152
layers (Figure 7).
5.3.2. Integer Linear Programming (ILP). After all body
candidates D are chosen, we adopt the partitioning and
labeling based on the integer linear program. Firstly, we
label all candidates, which denotes determination of a
body-part class C that candidates belong to (e.g., head,
shoulder, and knee). Secondly, we determine whether two
diﬀerent candidates belong to one person. Namely, each

x
Weight layer
F(x)

Identity
x

Relu
Weight layer

H(x) = F(x)+
Relu

Figure 7: ResNet network structure.

candidate d ∈ D and body-part class c ∈ C have a corresponding unary score, and based on these unary scores,
the system associates cost or reward ∂dc ∈ R to all feasible
solutions for pose estimation. In addition, if there is a relationship between two diﬀerent candidates, d and d′, and
two body-part classes, c and c′, then the relationship adopts
cost or reward βdd′cc′ ∈ R. The body parts d and d′ belong
to one person, d belongs to class c and d′ belongs to class
c′. According to above settings, we can use triple (x, y, z)
to indicate it. If xdc = 1, then the body-part candidate d
belongs to class c otherwise, it is refrained. Moreover, if
ydd′ = 1, then body-part candidates d and d ′ belong to one
person. In addition, z dd′cc′ = xdc xd′c′ ydd′ belongs to an auxiliary variable than connects x and y; thus, z dd′cc′ = 1 indicates that candidate d belongs to class c and that d and d ′
belong to one person. In order to limit each triple to just
one body joint, we adopt three linear characteristics.
(1) Uniqueness:
∀d ∈ D 〠 xdc ≤ 1
c∈C
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Table 2: The recognition accuracy of target detection.

14
13 10
11

9
8
7

7

3

4

2

5

1

6

Human behaviors

Recognition accuracy

Walking
Jogging
Running
Boxing
Hand waving
Hand clapping

12

Figure 8: Deﬁned body joints of posture estimation.

92.5
90.5
88.6
90.6
91.2
91.5

(2) Compatibility:
∀dd′ ∈

D
2

: ydd′ ≤ 〠 xdc ,
c∈C

3

ydd′ ≤ 〠 xd′c
c∈C

(3) Transitivity:
∀dd ′d ″ ∈

D
3

: ydd′ + yd′d″ − 1 ≤ ydd″ ,

4

where pdd′cc′ indicates the paired relationship of body
structure model and pdd′cc′ and βdd′cc′ are in the relationship deﬁned by
βdd′cc′ = log

1 − pdd′cc′
pdd′cc′

5

In summary, the posture estimation is based on deﬁnition of joint points using 0/1 variable, body-part classes
divided into various subsets, and occlusion relationship
structure model, which not only optimizes ILP but also solves
the occlusion.
5.3.3. Occlusion Relationship Graph Model (ORGM). In the
graph structure model, G = V, ε is used to indicate the
graph, wherein N is the number of nodes and V indicates
all body parts. After we get the body-joint candidates from
an input image, then we use ILP to divide and classify them,
and ORGM to limit the relationship between them. Since a
lot of time and calculations are needed to consider all candidates, we divide candidates’ determination in few steps and
use the occlusion relationship structure model. The speciﬁc
steps, which were previously explained, will be demonstrated
on the following example.
Suppose that we have a certain input image. Firstly, we
consider the head and shoulder, because as we already mentioned they are stable. Then, we adopt NMS in score map to
select the candidates for the head and shoulder, but since we
do not know whether they belong to one person or not, we
use ILP to label the candidates. In that way, the head (nodes
13 and 14 in Figure 8) and the shoulder (nodes 9 and 10 in
Figure 8) are determined. Now, we connect joint 14 and 13,
and joint 13 and 9, while joint 10 is used to solve the problem
of occlusion. Since, the positions of the head and shoulder are
accurate, we begin to consider the elbow (nodes 8 and 11 in

Figure 9: Video call via the remote health-care system.
Table 3: Isolated word recognition results.
Number
0
1
2
3
4
5
6
7
8
9
10

DTW (%)

GA_DTW (%)

88.56
85.72
91.41
91.43
85.71
91.45
88.55
82.88
88.52
91.48
94.29

97.14
91.42
94.30
91.47
94.25
97.14
94.27
91.45
94.33
94.25
97.14

Figure 8) and wrist (nodes 7 and 12 in Figure 8). Then, we
connect adjacent joints: shoulder (nodes 9 and 10 in
Figure 8), elbow (nodes 8 and 11 in Figure 8), and wrist
(nodes 7 and 12 in Figure 8). Consequently, the information
is transmitted and the occlusion problem is solved.
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Table 4: Self-adaption performance with and without conﬁdence values (false recognition rate).

Speaker
1
2
3
4

Basic performance (%)

Unsupervised (%)

Supervised (%)

Conﬁdence + unsupervised (%)

Conﬁdence + supervised (%)

29.5
45.2
29.5
41.5

19.8
29.5
23.1
28.5

11.1
24.2
19.1
26.3

16.2
27.1
19.1
25.4

11.1
21.4
16.5
24.6

The rest joints are hip (nodes 3 and 4 in Figure 8), knee
(nodes 2 and 5 in Figure 8), and ankle (nodes 1 and 6 in
Figure 8). Firstly, we add hip into the system, because hip is
an important point that connects the upper part and the
lower part of the body; then we add hip into the occlusion
relationship structure model and connect the joints. At the
end, we choose the candidates for the knee and ankle.
The human motion database of the Weizmann Academy
of Sciences is one of the most commonly used for human
posture estimation. The current video database containing
six types of human actions (walking, jogging, running, boxing, hand waving, and hand clapping) performed several
times by 25 subjects in four diﬀerent scenarios: outdoors,
outdoors with scale variation, outdoors with diﬀerent
clothes, and indoors as illustrated below. Because the proposed system aims to estimate the pose of the elderly at
home, we select indoors as our video database. Firstly, we
input an image into our system to detect body-part features.
Then, our algorithm will conduct structure feature learning.
Next, the body parts such as the shoulder, ankles, and head
will be estimated and their joints will be linked to avoid
occlusion. At the end, the person’s postures are estimated,
the robot can recognize them and people can control robot
using posture.
5.4. Target/Face Detection and Automatic Following. In
order to detect the distance between person and robot, we
implemented target detection into our system. The target
detection system is based on faster region-based convolutional neural network (Faster R-CNN) algorithm which
can detect person quickly. By using this algorithm, we can
detect elderly quickly, and human behavior recognition is
more accurate.
Furthermore, our system can conduct automatic following based on target detection. TurtleBot utilizes information
captured by monocular video to obtain information on target
in order to determine the distance between robot and target.
In addition, TurtleBot can be driven to move toward the
target. At the same time, the improved artiﬁcial potential
method is adopted for route planning and obstacle avoidance. After the monocular camera captures the target, the
host computer analyzes the collected image information
and judges whether there are obstacles. If there are obstacles,
the corresponding obstacle avoidance strategies are used.
Since the target location changes often, the slave computer
asks the host computer for location feedback in accordance with the execution. Then, the host computer adjusts
the moving trajectory and control instructions timely. At
the meantime, we conduct a target detection experience
using six behaviors: walking, jogging, running, boxing, hand

Table 5: Continuous word recognition results.

Forward
Back
Stop
Left
Right
Lower
Raise
Open
Close
Video
Charge
Walking
Out
Sing
Weather
Up
Down
Voice
Pose
Call
Song

DTW (%)

GA_DTW (%)

85.71
82.14
83.74
81.14
85.85
84.12
85.14
84.12
85.12
84.46
79.88
85.55
84.45
78.88
79.68
83.31
83.35
83.30
83.36
84.10
84.40

92.14
88.52
89.98
92.18
89.88
93.35
94.12
87.98
89.24
89.88
86.82
91.23
92.12
86.32
92.11
90.51
90.53
90.49
90.55
90.15
90.18

Table 6: The comparison of recognition accuracy.
Actual posture
1
2
3
4
5

Average position (%)

Average joint point (%)

77.2
76.8
71.1
70.1
78.8

65.2
68.4
61.2
60.5
63.9

waving, and hand clapping; the experience results are shown
in Table 2.

6. Experimental Results
In this section, we ﬁrst prove that our system can achieve
the functional goal, and then we present its application in
the real scene.
When an elderly want to conduct video call with others,
they can say “Call families” to the robot, then the video call
interface will be shown on tablet. In Figure 9, a small
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Figure 10: The comparison results between our method and other algorithms.
Table 7: Speed/accuracy contrast experience.

Test time per image
Speedup
mAP (VOC2007)

R-CNN

Fast R-CNN

Faster R-CNN

50 s
1x
66.0

2s
25x
66.9

0.2 s
250x
73.2

window displays the image of the user, and a large screen
shows the image transmitted from the tablet on the TurtleBot. The keys placed below the small screen are used to
control the robot movement. The outworkers can remotely
control the robot and communicate with the elderly via
video call.
We conduct an isolated words recognition experience
based on DTW and GA_DTW. The words are numbers 0,
1, 2, 3, 4, 5, 6, 7, 8, 9, and 10. We adopt MFCC as a speech
feature parameter. The results are shown in Table 3. We
can know from the result that DTW’s average recognition
rate is 89.09% and GA_DTW’s average recognition rate is
95.07%. Therefore, GA_DTW has higher recognition rate
than DTW on isolated words recognition.
At the meantime, the speech recognition was veriﬁed by
experiment with four old people. The conﬁdence values of
speech units were labeled. The speech units with high conﬁdence were included in self-adaption, and speech units with
poor conﬁdence were not included in self-adaption. The selfadaption results (false rates) are shown in Table 4, wherein
it can be observed that the introduction of conﬁdence
values can eﬀectively improve unsupervised adaptation.
We conduct a continuous word recognition experience.
We select key words such as forward, back, left, right, stop,
and call. The results are shown in Table 5. We can know from
the table that DTW’s recognition rate is 83.42%, and
GA_DTW’s recognition rate is 90.39%. Although the recognition rate is lower than isolated word recognition, we can
know that GA_DTW is more eﬃcient than DTW.
In order to measure the accuracy of pose estimation, the
correct rates of average positions and average joint points are
shown in Table 6, wherein numbers 1, 2, 3, 4, and 5 represent
standing forward, standing on one side, stooping, crouching,
and lying, respectively.

We conduct a simulation recognition experiment. The
database includes six human behaviors: walking, jogging,
running, boxing, hand waving, and hand clapping. We put
a continuous image of 10 frames. Then, we detect the ﬁgures
using the proposed algorithms. The contrastive results are
shown in Figure 10. By comparing the pose estimation algorithms in other papers, the proposed algorithm has higher
recognition accuracy. Therefore, it can play a very good role
in practical applications.
We consult a contrast experience between region-based
convolutional neural network (R-CNN), fast region-based
convolutional neural network (Fast R-CNN), and faster
region-based convolutional neural network (Faster R-CNN).
The results are shown in Table 7. From the table, we can
know that Faster R-CNN has faster detection speed and
higher accuracy than the other two algorithms.
The target detection results are shown in Figure 11, and
posture estimation results are shown in Figure 12.

7. Conclusion
In this paper, we propose a remote health-care system based
on moving robot intended for the elderly at home. The proposed system supports voice control; thus, the elderly can
control robot movement by voice and conduct video calls
with outworkers and community doctors. Moreover, our system supports remote control, which allows outworkers to
control robots remotely via mobile phones. In addition, the
health data of the elderly can be collected by heart rate sensor, and health condition of the elderly can be recorded and
uploaded to the cloud. Finally, we add posture estimation
and face/target detection technology in our system in order
to enable it to detect and analyze the posture of the elderly
in real time. Based on abovementioned abilities, robot can
conduct an automatic following. Moreover, when monitored
person come back home, the robot can recognize him and say
“Hello.” More importantly, if the elderly tumbles, the robot
recognizes the danger and alarms their families or doctors.
The experimental results have shown that the proposed system can be used for elderly care. Additionally, it has obvious
advantages over the existing remote care systems.
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(a)

(b)

(c)

Figure 11: Three detection results for elderly at home. The results show whether there is occlusion or not, the elderly can be detected, and we
can get the coordinate information from the detection boxes. Based on the coordinate diﬀerences, we can determine person-robot distance
indirectly and control the robot by various instructions.

(a)

(b)

(c)

(d)

Figure 12: Four posture estimation results in the real-world cases: (a) person who lies, (b) stooped old person, (c) one person who sits and
another person who stands up, and (d) persons who sit. According to the posture estimation, when an elderly tumbles, the robot can detect the
danger situation automatically and send a warning to the family.
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According to World Health Organization (WHO) estimations, one out of ﬁve adults worldwide will be obese by 2025. Worldwide
obesity has doubled since 1980. In fact, more than 1.9 billion adults (39%) of 18 years and older were overweight and over 600
million (13%) of these were obese in 2014. 42 million children under the age of ﬁve were overweight or obese in 2014. Obesity is
a top public health problem due to its associated morbidity and mortality. This paper reviews the main techniques to measure
the level of obesity and body fat percentage, and explains the complications that can carry to the individual's quality of life,
longevity and the signiﬁcant cost of healthcare systems. Researchers and developers are adapting the existing technology, as
intelligent phones or some wearable gadgets to be used for controlling obesity. They include the promoting of healthy eating
culture and adopting the physical activity lifestyle. The paper also shows a comprehensive study of the most used mobile
applications and Wireless Body Area Networks focused on controlling the obesity and overweight. Finally, this paper proposes
an intelligent architecture that takes into account both, physiological and cognitive aspects to reduce the degree of obesity and
overweight.

1. Introduction
Sedentary jobs, technology advancements, and unhealthy
foods are the key factors that lead to global obesity prevalence. The global obesity rate is dramatically increasing. This
problem has become a challenge facing public healthcare
systems and global economies [1].
The main cause of obesity and overweight is an energy
imbalance between consumed and expended calories because
of the current lifestyle where the new forms of work are more
linked to computers and the long working days are causing
an increase in the sedentary behavior and the reduction of
the physical activity (PA) of the population. This situation
also encourages the ingestion of high-calorie intake food
and fast food.
As an indication, Figure 1 shows the composition of a
healthy body for men and women [2]. In general, changes
in eating habits and PA are the results of environmental
and social changes associated with the social development
and the lack of supportive policies in sectors such as health,

the agriculture, transport, urban planning, environment, processing, distribution, and marketing of food and education.
Overweight and obesity are considered as one of the
major risk factors for noncommunicable diseases such as cardiovascular diseases that were, in 2012, the leading cause of
death, diabetes, musculoskeletal disorders, and some cancers
[3]. The risk for these noncommunicable diseases increases
when the body mass index (BMI) increases. Moreover, childhood obesity is associated with an increased likelihood of
obesity, premature death, and disability in adulthood. In
addition to these future risks, obese children experience
breathing diﬃculties, bigger risk of fractures, and hypertension and have early markers of cardiovascular disease, insulin
resistance, and psychological eﬀects.
Overweight and obesity as well as noncommunicable
diseases related to overweight are preventable. In this sense,
people can choose to limit the energy intake of total fat and
sugars and increase the consumption of fruits and vegetables
as well as legumes and cereals and perform regular PA. Individual responsibility can only be fully eﬀective if people have
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Figure 1: Healthy body composition.

access to a healthy lifestyle. Moreover, at the social level, it is
important to help people to follow those recommendations
through the sustained implementation of demographic policies based on scientiﬁc evidence which would allow regular
PA and healthier food options available and aﬀordable to
all, particularly for the poorest people. Countries should exert
great eﬀorts to solve this problem with an emphasis on promoting healthy eating culture and adopting the physical
activity lifestyle. Advancement in modern technology has
contributed to reducing the dilemma of obesity, which leads
to many health complications by providing new, widely used,
lightweight, easy to use, and low-cost consumer-based ﬁtness
wearable trackers and food intake systems [4]. These helpful
tools provide an objective indicator of a user’s daily energy
expenditure (EE), PA, and food history over long periods.
Users can also track their data over time through a mobile
application or websites [5]. However, data collected by these
systems should be relevant, understandable, and pervasive
for the purpose of providing an accurate measurement and
better health outcome.
1.1. Statistical Data about Obesity in the World. The World
Health Organization (WHO) [6] has published that each year
overweight or obesity is the cause of 2.8 million people’s
death and 35.8 million people (about 2.3%) of disabilityadjusted life year (DALY).
The presence of overweight and obesity implies adverse
metabolic eﬀects on blood pressure, cholesterol, triglycerides,
and insulin resistance. The risk of several types of cancer such
as breast, colon, prostate, endometrium, kidney, and gall
bladder is also increased by the increased body mass index.
In order to achieve an optimum health, the average BMI for
an adult should be in the range of 21 to 23 kg/m2, although
the goal for individuals should be to maintain the BMI in
the range from 18.5 to 24.9 kg/m2. Figure 2 shows the percentage of obese population older than 20 years old with a
BMI higher than 30 kg/m2 [7].

Although it is not fully demonstrated, there are indications that relate the index of countries’ globalization with
the levels of obesity. Social globalization measures factors
such as lifestyles that promote unhealthy food and sedentary
lifestyle. Economic globalization also has an inﬂuence on
obesity, although this aspect of globalization may seem more
logical, since it is related to the income of each person or the
price of food, among others [8]. Figure 2 also shows the relationship between obesity levels and the value of the gross
domestic product (GDP) per capita [9]; it is easy to see the
economic factors.
Analyzing data of overweight and obesity (see Figure 2),
it is easy to observe that the population distribution with this
problem is not homogeneous around the world. While the
population of American region with a BMI higher than
30Kg/m2 is about 23% in women and 30% in men, areas like
the region of Southeast Asia are the lowest ones for both
sexes. European region and Eastern Mediterranean region
present very similar values for women (around 22-23% of
total population). However, the values for men are very different. While European region is about 21% of people older
than 20 with a BMI higher than 30 kg/m2, this value is around
13% for Eastern Mediterranean region. Finally, it is important to highlight that in Africa, Eastern Mediterranean, and
Southeast Asian regions, women present roughly double the
obesity of men.
1.2. Obesity and Related Illnesses. Obesity is deﬁned as an
overabundance of body fat. The body fat content can be measured by the BMI which is calculated as the percentage of
weight (in kilograms) to height squared (square meters).
From a clinical perspective, a BMI of 25–29 kg/m2 is named
overweight; higher BMI (30 kg/m2) is named obesity. In
order to measure obesity, physicians usually use several
methods based on the calculation of the percentage of total
body fat which includes bioelectrical impedance, skinfold
thickness, and underwater weighing [10]. Obesity and overweight are often a very important conditioning factor in
chronic diseases such as asthma or heart disease. Obesity is
also considered one of the triggers of other diseases such as
hormonal problems, poor blood circulation, or respiratory
insuﬃciencies, among many others. All this inﬂuences the
individual’s quality of life and longevity. Obesity also
imposes a signiﬁcant cost to healthcare systems. Some
chronic diseases are directly associated with obesity like the
sleep apnea, some type of cancer, atherosclerotic cardiovascular disease (ASCVD), and type 2 diabetes [10, 11], among
others. For a healthy lifestyle, the Center for Disease Control
and Prevention (CDCP) recommends the practicing of PA
during 60 minutes per day for children and 150 minutes
per week for adults. This routine should include bonestrengthening, muscle-strengthening activities 3 times a
week. To achieve these goals, new wearable technology
trackers have been developed. These gadgets can quantify
the users’ PA in an eﬀort to raise the level of physical activity
guidelines compliance [12]. PA is playing an intrinsic role in
combating obesity and achieving a healthy lifestyle.
Diseases such as metabolic syndrome diabetes mellitus,
cardiovascular disease, nonalcoholic steatohepatitis (fatty
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Figure 2: Percentage of obese population older than 20 years with a BMI higher than 30 kg/m2 and its relationship with the GDP per capita.

liver), gallbladder disease, gastroesophageal reﬂux, obstructive sleep apnea, reproductive system disorders, many cancers, and osteoarthritis as well as social and psychological
problems [13] are associated with obesity. Many studies
showed that high percentage of diabetes risk can be attributed to excess weight. This risk of disease increases 5-fold
for people with a BMI of 25, 28-fold for a BMI of 30, and
93-fold for people with a BMI of 35 and greater. Furthermore, a waist circumference greater than 40 inches signiﬁcantly increases the risk of diabetes, even after controlling
for BMI [14].
Recently, the relationship between overweight and obesity to cancer has been studied by Calle and Thun [15]. The
study showed that in obese individuals the relative risk of
colorectal cancer is ranged from 1.5 to 2.0 in men and from
1.2 to 1.5 in women. Conﬁrmed breast cancer studies indicate
that the risk of developing the breast cancer in obese postmenopausal women increases by 30–50%. As a summary,
the estimations showed that there are approximately 90,000
deaths per year due to cancer underlie obesity. This is an
important indicator of how serious this problem is in terms
of rising morbidity and mortality in the population. Prevention of obesity could thus notably minimize the incidents of
cancer in both men and women as it is evaluated that this
condition could account for 20% of cancer deaths among
women and 14% among men [13].
Breathing diﬃculties during sleep are a common result of
obesity. Some obese suﬀer from diﬀerent changing during
sleep such as having low oxygen saturation, snoring, and
sleep apnea. An obesity study done in Sweden reported that
over 50% of the men and 33% of the women with a BMI 35
suﬀer from snoring and sleep apnea. These sleep changes
seem to increase the risk of myocardial infarction and stroke.
1.3. Summary of Contributions and Motivation. As far as we
know, there is no work where the main parameters used to

measure overweight and obesity have been analyzed. We
have not found any study or survey where the most recent
proposals and medical instrumentation to diagnose obesity
are compared. We have seen some proposals with interesting
ideas, but none of them are able to combine physiological and
cognitive aspects to improve the results and evolution in the
process to combat obesity and overweight. For this reason,
this review presents a study of the main systems to diagnose
the degree of overweight and obesity. It also explains the
causes and consequences of suﬀering overweight and obesity
and how the diseases related to obesity inﬂuence the individual’s quality of life. Furthermore, the paper shows several of
the most used mobile applications and wireless body area
networks (WBANs) used to measure body parameters and
to quantify the obesity degree. Finally, we draw an intelligent
architecture that considers both, physiological and cognitive
aspects to help reduce the degree of obesity and overweight.
The rest of this paper is structured as follows. Section 2
analyzes the main parameters used to measure the degree
of overweight and obesity and to deﬁne the body composition. The obesity and ﬁtness monitoring systems to control
obesity are shown in Section 3. Section 4 shows some interesting proposals focused on WBAN systems for monitoring
the physical activity and vital signs of people monitoring.
As a summary of our study, in Section 5, we propose a new
architecture that combines the physical aspects and the
cognitive set point for controlling the body weight. Finally,
Section 6 presents the conclusion and future works.

2. Causes of Obesity and How to Measure It
This section highlights the commonly applied obesity measurement parameters that are used for body composition
assays to identify subjects before they have reached the
extreme obesity range.
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2.1. Causes of Obesity. There are several causes that cause
overweight and obesity [16]. Experts agree that the main
cause is the lack of energy balance. In order to have an energy
balance, the energy consumed in food must be equal to the
energy expended. The energy we eat is the amount of energy
or calories we get from food and beverages. The energy
expended is the amount of energy the body uses in functions
such as breathing, digesting food, and staying active. There
are other factors that also contribute negatively to obesity
and overweight:
(i) An inactive lifestyle: many people do not stay
physically active. Many people spend hours in front
of the television and the computers at work, doing
homework or a hobby. People use the car to go
from one place to another instead of walking.
Technology and facilities have reduced physical
demands at work and at home; it has also been
inﬂuenced by the lack of physical education lessons
for children in schools. The less active the people
are the more likely they are to gain weight because
they do not burn the calories they consume in food
and beverages. An inactive lifestyle also increases
the risk of suﬀering coronary artery disease, high
blood pressure, diabetes, colon cancer, and other
health problems.
(ii) Environment: our environment does not always
contribute to having healthy habits. In fact, it
stimulates obesity. This is due to reasons such as
working days that do not allow leisure activities
and free time for practicing exercise or lack of
access to healthy food.
(iii) Genes and family history: overweight and obesity
tend to be hereditary. The chances of being overweight are greater if one or both parents are overweight or obese. Children adopt the habits of their
parents. Thus, a child of overweight parents, who
consume foods high in calories and are less active,
will probably become overweight as well. On the
other hand, if the family adopts healthy habits
regarding food and exercise, the chance that the
child will become overweight or obese decreases.
(iv) Health problems: some hormonal problems can
cause overweight and obesity, including hypothyroidism, Cushing’s syndrome, and polycystic ovarian syndrome.
(v) Medicines: certain medicines can cause weight
gain. These include some corticosteroids, antidepressants, and anticonvulsants.
(vi) Emotional factors: some people eat more than
usual when they are bored, angry, or stressed. Over
time, overeating leads to weight gain and can cause
overweight or obesity.
(vii) Smoking habits: some people gain weight when
they stop smoking. The main reason is that foods
often taste and smell better. Another reason is that

nicotine increases speed in the body that burns calories so the person burns fewer calories when she/
he gives up smoking. However, smoking poses a
serious health risk and quitting is more important
than the possibility of gaining weight.
(viii) Age: as we get older, we tend to lose muscle mass.
Loss of muscle mass can slow down the rate at
which the body burns calories. If people do not
reduce their calorie intake as they age, they can
gain weight.
(ix) Pregnancy: during pregnancy, the woman gains
weight to support the growth and development of
the baby. After delivery, some women cannot lose
weight. This can lead to being overweight or obesity, especially after several pregnancies.
(x) Lack of sleep: the modern lifestyle encourages evening activities. The electric light, the television,
and the computer oﬀer the opportunity of entertainment during the night. However, school and
work schedules have not changed and require individuals to wake up early. The immediate consequence of this situation is the reduction in the
sleep hours. This phenomenon mainly aﬀects children and teenagers who remain awake for long
hours at night turning the decrease in sleep duration
into a characteristic of their lifestyle [17] (Burkhauser and Cawley). A fundamental system in body
repair is the circadian system that regulates the metabolic functions in the day and at night. During
wakefulness, our organs are prepared for energy
consumption, digestion, and nutrient utilization
[18]. During the day, physical activity, energy wastage and food and water consumption predominate.
During sleep, the body carries out the energy saving
and storage, the digestive processes are reduced, but
the processes of cellular repair as well as the rest and
memory organization increase. During the night,
the secretion of some hormones as melatonin or
growth hormone contributes to the synthesis of cell
repair proteins [19] (Leproult and Van Cauter).
Sleeping is also necessary to carry out functions of
memory formation and mental organization, muscle relaxation, and energy saving. The possible relationship between poor sleep and obesity can be
explained by several approaches. For example, night
work also promotes a reduction in the quantity and
quality of sleep along with increased activity at
night. In night workers, there has been a higher
prevalence of overweight and obesity than in the
general population, with a high predisposition to
metabolic diseases, among others. Being awake at
night is a suﬃcient stimulus to motivate the nocturnal ingestion of food, that is, 75% of the food is consumed during the day [20] (Wu et al.). Research has
shown that lack of sleep increases the risk of obesity.
People who sleep fewer hours also seem to prefer
foods that contain more calories and carbohydrates,
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so they can overeat, gain weight, and become obese.
Sleep maintains a healthy balance of the hormone
that does not make us hungry (ghrelin) and that
does not make us feel full (leptin). When a person
does not get enough sleep, the concentration of
ghrelin increases and the leptin level is reduced.
Then, we are hungrier than when we have rested
well. Sleep also aﬀects how the body reacts to insulin, the hormone that controls the concentration of
glucose (sugar) in the blood. Lack of sleep causes
higher blood sugar concentration than normal,
which can increase the risk of suﬀering diabetes.
2.2. Anthropometric Measurements. Anthropometry refers to
the measurement of the human individual. Anthropometric
measurements are systematic measurements of the size,
shape, and composition of the human body. There are several
factors, but the most important ones are used to measure and
determine the obesity and overweight level:
(i) Body mass index (BMI): anthropometry involves
measurements of weight W t , height H t , circumferences and lengths at diﬀerent body regions, and
skinfold thickness (SF). It is inexpensive, easy, and
fast and tends to have a small percentage of error
in adults [21]. Commonly, total body fat is measured
by body mass index due to its simplicity and inexpensive way to calculate and correlate with an adult’s
total body fat, and it is deﬁned as (W t /H t 2 ). Gender,
age, race, and smoking status are all factors that
inﬂuence the relationships between BMI and death
or major comorbidities [22]. In general, these relationships will be low in an individual with BMI
range from 18.5 kg/m2 to 24.9 kg/m2 and increase
with the range from 25 kg/m2 up to 40 kg/m2.
Table 1 presents weight classiﬁcations by BMI to
classify obesity. We should take into account that
the BMI is based on height and weight for measuring
overweight and obesity. For this reason, the results
in body weight classiﬁcation can be erroneous for
people who have a greater proportion of bone mass
and muscle tissue. Another BMI drawback is that it
does not reﬂect body fat distribution (central trunk
versus hips and thighs) which is associated with metabolic disturbances and cardiovascular risks [21, 22].
(ii) Waist circumference, neck circumference, and intraabdominal obesity measurements: the overall body
fat is not the only concern; the distribution of fat
matters too. Abdominal fat mass or also referred to
as central or visceral obesity is a type of obesity that
increases the risk for metabolic derangements coronary heart disease, type 2 diabetes, and cardiovascular disease [23]. Several measuring techniques for
intra-abdominal fat content which can be accurately
performed include computed tomography (CT),
magnetic resonance imaging (MRI) which is also
called imaging techniques [24], or waist circumference techniques. In contrast with BMI, the waist
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Table 1: BMI classiﬁcation.
Classiﬁcation
Underweight
Normal weight
Overweight
Obesity (class 1)
Obesity (class 2)
Extreme obesity (class 3)

BMI
<18.5 kg/m2
18.5 kg/m2–24.9 kg/m2
25 kg/m2–29.9 kg/m2
30 kg/m2–34.9 kg/m2
35 kg/m2–39.9 kg/m2
>40 kg/m2

circumference and waist-to-hip ratio (WHR) are
indirect methods that can be used to measure the
fat distribution and abdominal obesity. It is one of
the main diagnosis components of metabolic syndrome, and it is the most commonly used abdominal
obesity indicator. Waist circumference is the cheapest method and can serve as an indicator for the relationship between waist circumference reduction and
anticipated improvements in metabolic parameters.
Another relatively new technique called neck circumference which is an economical and practical
measure is known as the suitable marker for upper
body obesity. Neck circumference correlates positively with cardiovascular risk, metabolic syndrome
risk, pregnancy-induced hypertension, and high
blood pressure in children. In comparing with BMI
and waist circumference, neck circumference is considered as a stronger, valuable, and noninvasive
diagnostic marker for indicating the decreased
serum HDL cholesterol and elevated serum triglycerides in both sexes [25].
(iii) Skinfold- (SF-) based technique: one of the most
commonly used anthropometric methods for estimating fat percent is the skinfold thickness method.
SF is based on the hypothesis that the thickness of
the subcutaneous adipose tissue reﬂects a constant
proportion of the total fat mass. It can be applied
to various areas of the body such as the trunk, chest,
triceps, abdominal, thigh, suprailiac, and subscapular
using inexpensive mechanical calipers that provide
signiﬁcant and reliable information for estimating
the subcutaneous fat layer [26]. SF method provides
a noninvasive, quick, and cost-eﬀective means of
estimating body composition. However, the accuracy
of skinfold technique has been questioned for years
due to the high variation of skinfold data which
depend on the operator. At best, this technique provides an acceptable measure of the subcutaneous
layer covering the body. Currently, over 100 prediction equations of SF have been developed that are different in terms of gender, ethnicity, and age of the
group been checked. An accurate SF assessment can
be done in just a matter of minutes, any place or time.
Alternatively, the use of mechanical calipers has been
replaced with high-technology techniques for automatic and operator-dependent errors measurement
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of the subcutaneous fat layer. However, these technologies still have limitations linked with extrapolation to the body’s total fat mass.

Table 2 summarizes the main anthropometric measurement methods, the technology used, and their advantages
and disadvantages.
The errors associated with anthropometric methods typically range from 3 to 4% and can be larger if nonadequate
equation or measurement technique is applied. There are
other more accurate techniques for estimating the percentage
of body fat, but they must be applied in a laboratory and they
are commonly used for research or validation of newer techniques [27].
2.3. Machine-Based Measurements. Densitometry techniques
are used to measure body volume from density which is the
mass divided by the volume. Underwater weighting
(UWW) and plethysmography are typically the two main
densitometry methods available at laboratories and clinics
throughout the country.
(i) DEXA (dual-energy X-ray absorptiometry): a DEXA
scan [28] is used for measuring bone mineral density
inside body composition by exposing the body to
diﬀerent intensities of X-ray beams. The machine
arm passes through the patient’s body parts individually and emits a low- and high-energy X-ray
beam. The absorbed beam will be measured, and
the technician can obtain readings for bone mineral
density, fat mass, and lean body mass. The advantage of DEXA scans is incredible accuracy at evaluating body composition. A DEXA scan simply
requires lying on a table for a few quick, dry, and
painless minutes whereas the hydrostatic weighing
method requires being dunked under the water.
Acquiring a DEXA scan usually requires taking
an appointment with a medical professional in a
clinic. Figure 3 shows a DEXA scanner and its
main functions.
(ii) Underwater weighing and air displacement plethysmography (ADP) methods: underwater weighing
and air displacement plethysmography (ADP) are
considered undisputed reference methods for measuring fat and fat-free mass, and they are based on
body density. The underwater weighing method
(see Figure 4) is underlying on the fact that fat ﬂoats
on water and generally in less-dense liquids. So estimating the volume of displaced water by the body
and the variance in body weight under normal condition and in water permits an evaluation of total
body density. This method is highly accurate and
precise and only used as a gold standard. However,
it is costly and diﬃcult to implement in clinical practice. ADP (see Figure 5) is an accurate and gold standard method that also utilizes the same underwater
weighing method principle, except that the criterion
underlying this technique is the air displacement,
rather than water displacement. The ADP method

is highly expensive and demands special apparatus
and the use of compression underwear. There are
several alternative reliable measurement methods
to estimate the body fat mass which include dual
energy X-ray absorptiometry (DEXA) and computed tomography (CT). These techniques are
applied to validate newer and too costly methods
to be used routinely in clinical practice [26].
(iii) Bioelectrical impedance analysis (BIA) and total
body water (TBW) estimation: bioelectrical impedance analysis (BIA) is a fast, noninvasive, and nonintrusive fat-free body mass (FFM/FFBM) and TBW
estimating technique. A common technique in this
ﬁeld is BIA which grounded on the premise that
when an electrical current is passed through a certain region of the body, the voltage drop between
two electrodes is proportional to the ﬂuid volume
of that body region. Bioelectrical impedance scales
range from the simple (a normal scale with electrodes under each foot) to the complex (a scale that
has handholds with additional electrodes). These
scales work by sending tiny electrical impulses
through the body and measuring how quickly those
impulses return. Since lean tissue conducts electrical
impulses quicker than fatty tissue, a faster response
time is correlated with a leaner physique. Most of
these scales combined with built-in body composition features can quickly generate and track fat percentage alongside bodyweight. The advantages of
bioelectrical impedance instruments are relatively
inexpensive (compared with a mass spectroscopy
instrument). Their operations do not need highly
trained personnel, and they have good reproducibility results in a matter of seconds [29, 30]. The BIA
measurement (see Figure 6) is applied by appending
a pair of electrodes at the wrist and at the ankle for
the purpose of allowing a weak alternating current
(800 milliamps) to be passed through the body. During the stability of the current, the voltage drop and
resistance (R) will be calculated. To assess the volume of TBW, the following assumptions are used:
(1) the whole body performs like a cylindrical conductor, (2) the subject’s height is proportional to
the conductor’s length, and (3) the reactance component of the voltage signal can be ignored. Under
these circumstances, the impedance index calculated
as H t 2 /R is supposed to be proportional to the TBW
volume. To obtain an accurate, easy, and fast TBW
measurement, activities such as moderate to vigorous exercise, excessive sweating, or consumption of
excessive alcohol should be performed within 4 h
before the assessment. As Figure 7 shows, the TBW
is aﬀected by the gender and ages. Comparing this
method with the skinfold method, the predictive
accuracy of BIA is relatively similar to that of the
skinfold method but BIA is also used to measure
body water’s resistance and it can estimate obese
body composition. One advantage of BIA is that it
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Table 2: Comparison of anthropometric measurement methods.
Measurement
parameters

Height and
weight

Waist
circumference

Subcutaneous
fat layer

Method

Technology

Method-based
technology advantages

Inexpensive, require
Not accurate method
minimal training to use,
for assessing body fatness
virtually maintenance-free,
for the individual
and repeat values can be
especially
obtained with good
for children
precision

BMI

Digital scale and
tape measure

Waist and hip
circumferences

Waist and hip tapes

—

Skinfold
thickness

Skinfold mechanical
calipers

—

Scanning devices

Most accurate
instruments

Ultrasound
Infrared
interactance
Photon
backscatter

Method disadvantages

—

Method advantages

Easy, fast, costless,
and noninvasive
measurements

Costless, noninvasive

Operator dependent and
requires well trained
Costless (10 US$/pair)
person
Provide the automation of
analysis and reduce the
operator-dependent
errors

Only for clinical use

(i) Bone health assessment
-Areal bone mineral density (g/cm2)
(ii) Body composition assessment
-Fat mass (g)
-Bone-free lean mass (g)

X-ray source
Patient

Detector

Figure 3: DEXA scanner.

does not need high technical skills to perform the
impedance measurement. However, it is inﬂuenced
by food intake, hydration level, exercises, menstrual
cycle stage, and skin temperature. The actual measurement procedure of BIA for the subject is relatively easy and can only take a few minutes.
(iv) Near-infrared interactance (NIR) method: several
research studies have shown that the NIR method
is a useful method for body composition assessment
and many commercial instruments have been
designed to evaluate predictively the body composition in children and adults. The term NIR refers to
the response that the superﬁcial layers of the skin
have when an infrared light is emitted on it, such
as changes in pigmentation. This method allows
measuring parameters such as blood sugar or pulse
oximetry, among others. The NIR method is based

on the principles of light absorption, reﬂectance,
and near-infrared spectroscopy. In order to determine the body fat composition, the physician uses
a spectrophotometer with a hand-held ﬁber optic
probe (see Figure 8). The probe is pushed against
the biceps muscle and emits an infrared light. This
light passes through the fat and muscle tissue to
reach a bone and reﬂects it back to the probe. To calculate the fat density, the results are introduced into
predictive equations that consider parameters such
as height, weight, and body type. The ﬁnal results
give an estimation of the overall body fat percentage.
This method is not as accurate as DEXA scanning or
hydrostatic weighing, but it is slightly better than the
results oﬀered by BMI [26].
Table 3 shows the availability, cost, and reliability of
machine-based and anthropometric methods.
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Figure 5: ADP camera.

3. Obesity Control: Obesity and Fitness
Monitoring Systems
Toward a good lifestyle and free obesity risks, researchers
examining low physical activity and sedentary and food
intake behavior as potentially independent risk factors for
chronic disease morbidity and mortality have expanded rapidly in recent years. Several subjective and objective methods
that are suitable for use in population-based research have

been developed, while the new generation of smart sensors
and ubiquitous monitoring systems oﬀers unique opportunities to measure real-life environments, mobility, physiological responses, and physical activity. Objective techniques
use current wearable or body-ﬁxed motion sensors, which
include switches, pedometers, actometers, goniometers,
accelerometers, and gyroscopes, video recording system,
optical systems, and mechanical systems for assessing PA,
food intake, and sedentary time.
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sedentary behavior is typically described as activity demanding low EE levels that arise while sitting or lying down.
Sedentary behavior has been the subject of growing epidemiological research in recent years [32, 33].
This section presents a narrative overview of the PA, food
intake, and sedentary behavior measurement literature.

Electric
current

Electrodes
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Av. total body water (% body weight)

Figure 6: Schema of BIA method through a person.
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Figure 7: Average TBW as a function of gender and ages.
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Figure 8: Process to measure the fat density with the near-infrared
interactance method.

PA is a multidimensional behavior categorized by various
aspects, such as intensity, frequency, duration, and type. It is
the key solution for obesity and other health complications
such as glucose tolerance and hypertension [31], while

3.1. Sensor-Based Monitoring Devices. Several subjective and
objective methods have been utilized in to report a user’s
PA. Subjective methods are considered very popular in
large-scale studies due to their relatively low cost and include
the direct observations, activity logs, diaries, questionnaires,
and recall. However, the accuracy of subjective methods is
based on a participant’s ability to recall the frequency of purposeful activity period and they cannot explore the diverse
quantitative aspects of PA [34]. Objective methods such as
pedometers and accelerometers provide a reliable PA and
sedentary time estimations because they rely on measuring
physiological outcomes such as metabolic cost, body temperature, and heart rate or biomechanical eﬀects, like displacement and acceleration related to PA and sedentary time in
free-living conditions. However, these methods are relatively
applicable in large studies due to the need of expensive tools.
The gold standard methods that are used to assess the PA are
direct/indirect calorimetric and doubly labeled water
methods. They are often used as tools to validate newer PA
assessment tools [35]. Calorimetric methods are also limited
to clinical and laboratory use with an expensive cost [36].
This subsection discusses the main methods used to monitor
the PA and sedentary behavior.
(i) Pedometers: mechanical pedometers also referred to
as “step counter” are becoming more popular and
commonly used for PA monitoring in the laboratory
and daily life. Pedometers are based on switching
mechanisms such as a spring-loaded mass mechanism for detecting the obvious impacts generated by
steps during locomotion [37]. Pedometer estimates
the energy expenditure and the distance walked by
registering the number of steps during motion. These
devices are widespread, and it is important that they
be accurate since this can have a signiﬁcant impact
in determining the number of steps per day that an
individual takes. Several studies have tested the
reliability and accuracy of pedometer devices for
estimating PA and predicting activity energy expenditure under both free and controlled living conditions for greater BMI and waist circumference.
These studies showed that spring-levered pedometers
reduce the step count accuracy. Another type of
pedometers called inertial pedometer which is based
on a piezoelectric sensor is capable of measuring the
variation of the applied acceleration forces during
movement, and it is more accurate in PA measurements for obese patients. However, inertial pedometers are 10 times more expensive than spring-levered
pedometers [34, 38]. The main drawbacks in pedometers are the insensitivity to nonambulatory activities
and the inability to reﬂect movement intensity. These
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Table 3: Body composition method comparison.

Method

Underlying principle

Reliability (+ to +++)

Availability and cost

Advantages/disadvantages

Weight/height2

+
Inaccurate

The most used metric of
obesity
Costless

Cheap and it does not
require special equipment

Thickness of the skin at
various body areas

++
Accurate but the operator
needs speciﬁc training

Costless

Costless

++

Costless
Superior to BMI for
prognostic purposes

Cheap and it does not
require special equipment

++

Costless

Cheap and it does not
require special equipment

Body density

+++

For clinical research
only, expensive

Cheap

Air displacement
plethysmography
(ADP)

Body density.

+++
But not practical and
required specialized
person

For clinical research
only, expensive

It is highly expensive and
demands special apparatus
and the use of compression
underwear

Dual-energy X-ray
absorption

The intensity of the X-ray is
associated with the density,
thickness and chemical
composition of the crossed
object

++
Frequently used as a
gold standard

Used mainly in clinical
research, expensive

It requires taking an
appointment with a medical
professional in a clinic

Computed
tomography (CT)

Transmitted intensity
of X-rays

++
Mainly used as a
gold standard

Used for clinical research
only, highly expensive

Used for clinical research
only, highly expensive

+++
Mainly used as a
gold standard

Used for clinical research
only, very costly

Used for clinical research
only, highly expensive

Anthropometric methods
BMI

Skinfold thickness
Waist circumference
and waist-to-hip ratio
Body adiposity index

Circumferential
measurements
of the abdomen and the hip
An index based on the hip
circumference and height
measurements

Machine-based methods
Underwater weighing

MRI

BIA

Near-infrared
interactance

The relaxation time
for protons in fat is
much shorter
than that for
protons in water
Based on the fact that
fat is a relatively
nonconductive
tissue
Impedance analysis
Optical densities are linearly
and inversely related to
percentage body fat

+ to ++

+

facts give as a result inaccurate estimations of energy
expenditure. Alternative solutions for accurately
measuring physical activity are the use of optical systems, magnetic systems, and video-based recording
systems. However, optical and magnetic systems are
costly and need environment setting and sophisticated instrument. Video-based monitoring systems
collide with privacy concern making them impractical routines for the free-living environment.
(ii) Accelerometers: accelerometers have become the
alternative noninvasive and easy to use solutions for
measuring PA, sleep, sedentary behavior, and total
daily energy expenditure (TDEE) [5, 39]. They are

Instruments of various
cost and reliability
It does not need high
Multifrequency
technical skills to perform the
instruments
impedance measurement
Quiet and well validated
Its results in percent fat
Inexpensive but
predictability are slightly
insuﬃciently accurate
better than BMI

also low-cost and small-sized devices with a robust
design able to measure the body movement in terms
of acceleration. Accelerometers can help in monitoring and estimate the intensity and the duration of the
user’s PA over time. An accelerometer device consists
of piezoelectric sensors that can detect acceleration in
all dimensions. Accelerometers can also contain an
internal memory to store processed data before it
can be transferred to the user’s cell phone or web
application for further analysis. The accelerometer
can measure the user’s PA in many ways through
either a digital counter or an algorithm, among
others. Accelerometers have several recognized
drawbacks among which included their inability to
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failure to accurately measure activities such as carrying objects, cycling, or lifting [39]. They are also
unable to correctly diﬀerentiate between standing
and sitting situations. Furthermore, accelerometer
devices are suﬀering from lack of standardization
because the outputs are based on the algorithm that
is used for interpreting collected data and the subsequent cut-point values.
3.2. Commercial Sensor-Based Monitoring Devices. There
exists a wide spectrum of sensor-based monitoring devices
that can help a user in monitoring PA, controlling weight,
and tracking energy expenditure (calorie burn). These
devices are varying in terms of features and functions, but
they all attempt to provide some degree of accuracy, lower
cost, mobility, and easy usage. Some examples of these
devices are the Fitbit [40], the DirectLife (DL), the BodyMedia FIT (BMF), the NikeFuel Band (NFB), the Basis B1 Band
(BB), and the Jawbone Up (JU) Band. Several studies have
been performed to examine the accuracy and reliability of
these accelerometers.
(i) BodyMedia armbands: they are also known as the
SenseWear Armband device. The BodyMedia armband was originally developed by BodyMedia Inc.
(Pittsburgh, PA), and it was available on the market
since 2001. The current generation of this device is
highly attracting the consumer sector because it can
facilitate consumer self-monitoring and weight
management. BodyMedia armband is based on
multiple sensors that work concurrently to obtain
a real-time activity context of the user. In contrast,
these sensors provide sensitive estimations for the
user’s physiological parameters. The current consumer version utilizes four types of sensors: a
three-dimensional accelerometer to track the user’s
upper arm movement and to oﬀer body position
information; a synthetic heat ﬂux sensor which is
utilized to measure the amount of dissipated heat
by the body; a sensitive thermistor to measure skin
and armband-cover temperature; and ﬁnally, a sensor to measure the galvanic skin response (GSR)
[36, 41]. The device oﬀers a watch interface, and it
is able to wirelessly connect with mobile apps for
a monitoring purpose. The BodyMedia armband
has rechargeable batteries that can remain for 2
weeks [5]. Through the user’s armband, the BodyMedia armband system can obtain physiological
data which can be analyzed, interpreted, and stored
within the device. With the aid of a built-in
onboard algorithm, the device can provide a realtime estimation of the parameter of interest such
as the number of steps and calories burned.
Obtained data can be viewed on the user’s cell
phone, on a BodyMedia itself, or on the user computer when these data have been transferred to
the computer through a USB or wireless technology. The company released other versions of BodyMedia armband devices that perform the same
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tasks but diﬀer in some features such as increased
memory capacity or Bluetooth wireless interface.
Available versions include the BodyMedia FIT
and the Bodybugg from 24 Hour Fitness. The
BodyMedia FIT program is developed to assist people to lose weight. However, to correctly work and
interpret the gathered data, users need to enter
their proﬁle and daily meals which can be transformed by Withings SA in June 2013 [42].
(ii) ActiGraph GT3X: in mid-2009, ActiGraph
(Pensacola, FL) released the GT3X that contains
the ADXL335 accelerometer manufactured by Analog Devices. The ADXL335 is a 4 × 4 × 1.45 mm
triaxial capacitive microelectromechanical system
(MEMS), and it also contains a ﬁlter and the analog
to digital converter (ADC). The GT3X is an exclusive research device used for testing the validity of
most new PA trackers. It is capable of measuring
static accelerations and provides inclinometer outputs. Users can wear this accelerometer on their
hopes for measuring PA and active time under
free-living conditions [39]. The device is able to distinguish whether a user is not wearing it because it
uses vector magnitude data from the three axes
and assigns a number for diﬀerent situations; that
is, it is not worn (number 0), the user is standing
(number 1), the user is lying (number 2), and the
user is sitting (number 3).
(iii) Withings Pulse was developed by Withings SA in
June 2013 [39] as a health tracker that supports
Wi-Fi technology. It is capable of measuring pulse
and heart rates as well as record sleep time in terms
of optimal sleep hour’s percentage. The Withings
Pulse can act as a tracker for daily life activity or ﬁtness. The device provides health statistics that
include active calories, step counting, and distance
traveled. Several versions are Pulse Ox, Activité
Pop, Activité Steel, and Activité [43, 44].
(iv) Fitbit was released by Fitbit Inc. It is a thumb-size
activity tracker designed to be worn 24 hours a
day. Fitbit can be used as a multitasking device.
Users can use it during the day to record their steps
and for tracking their sleep process at night. Due to
the Fitbit wireless connectivity, users can access
their recorded data through three ways, that is,
accessing data from an iPhone application, seeing
data in the Fitbit itself, or visualizing data via web
application [41]. However, users require inputting
the food information via an online questionnaire.
Some versions currently available are Fitbit Ultra
(FU), Fitbit One (FO), Fitbit Zip (FZ), Fitbit
Charge, and Fitbit Flex, among others [43].
(v) Fitbit One is a clip-based device used to track steps,
calories burned, distance, sleep, and ﬂoors climbed.
The device can be used to track multiple measures
of PA such as the number of steps and distance
traveled. It is also able to wirelessly upload activity
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data to a website for the purpose of tracking activity
levels over time. This real-time data connectivity
feature attracts researchers and patients alike for
tracking PA such as walking. Studies have been
made to evaluate the validity or reliability of the
Fitbit One device.
(vi) Fitbit Zip consists of a triaxial accelerometer
that performs the same Fitbit One tasks (measuring the number of steps, distance traveled,
and calories burned) with some new features.
The Fitbit Zip is smaller than previous versions
(35.6 × 28.9 × 9.6 mm). It is slightly less expensive
(around $60), and ﬁnally, it presents an expanded
battery life of approximately 4–6 months. Beside
basic tasks (step count, distance traveled, and calories burned), the Fitbit Zip is also capable of measuring multiple variables such as minutes spent in
light and vigorous and moderate physical activity
levels, among others [35]. The Zip screen has an
indicator that displays basic data such as steps
taken, calories burned, and distance traveled. The
Zip is considered a hassle-free device, but it
requires minimal technical knowledge for setting
up and operating. For the purpose of data analysis
and display, Zip device does not need any specialized computer hardware or software. It is based
on web-based software wherever an internet connection is available. If no internet connection is
available, the Zip can sync to an Android smartphone or iOS and show the data via the free Fitbit
app [35, 44].
(vii) DirectLife is a small-size and lightweight monitoring device developed by Philips Lifestyle Incubator
for enhancing the possibility of wearing smart
devices and minimizing the monitoring interference with spontaneous activity conduct [45]. It is
composed of a triaxial accelerometer based on the
Tracmor [46], and it is designed with an internal
memory that allows the user to store data for a long
period (approximately 22 weeks). It also has a battery with autonomy of 3 weeks and is waterproof
up to 30 m depth. Participants can track their EE
estimation data through a personal website which
provides them with tips, activity ideas, and statics
[5]. Users of the DirectLife can recognize the
amount of exerted PA per day as speciﬁed by preset
goals through the device monitor which contains
an indicator bar of light-emitting diodes [45].
(viii) A Jawbone UP Band is a device manufactured by
Jawbone in November 2012 [46] for a user’s sleep
and physical activity pattern assessments. It is a
wristband device based on a three-dimensional
accelerometer. Due to its accuracy, it is considered
one of the top ﬁtness trackers that can accurately
track the steps taken, calories burned, distance traveled, active minutes, and sleep disorders. The Jawbone UP4 is the new commercial version that is

able to continuously perform the heart rate tracking at any time during the day. The device is also
capable of synchronizing data with social media
and mobile applications, and it can send idle alerts
in the form of vibrations when the user is sitting for
a long time. This feature is a great way to keep users
stay active throughout the day. Another handy feature that Jawbone UP oﬀers is the respiration and
sweat tracking which gives users insight into how
they are active on a daily basis [44, 47].
(ix) The Misﬁt Shine was released in August 2013 by
Misﬁt Inc. It is promoted as a companion to
Android and iPhone App for ﬁtness tracking purpose. It is an activity- and sleep-tracking device that
allows users to track their movements and activity
levels. The Misﬁt Shine also tracks hours of light
and sleep quality as well as daily activities such as
step counting, distance traveled, and calories
burned [39, 44].
3.3. Food Intake (FI). The primary key to maintain a healthy
lifestyle is keeping a balance between energy gained and
energy expended. Objective methods such as a questionnaire
and recall methods have failed in providing a good estimation for intake history. Miniature sensor devices can easily
help in detecting ingestion events such as capture timing, a
microstructure of food intake episodes, energy contents of
food, or characterization of the rate of ingestion, duration,
ingested mass, and nutrition, for further characterization of
ingested foods [2, 11]. Most of these systems combine multiple sensors for monitoring physiological changes and organ
movements linked with food intake and signal processing
and/or pattern recognition algorithms for determining how
and when food is consumed. In this regard, several methods
have been proposed for assessing free-living food intake
including observation, estimated records, weighed food
records, food-frequency questionnaires, multimedia diaries
[48], and food recall methods [49]. Table 4 shows a summary
of the main methods to measure the food intake [11].
However, the aforementioned methods have some limitations. On the one hand, these methods are not capable of
specifying individual eating episodes. On the other hand,
they are considered inaccurate methods due to subjects tending to misestimate food consumption [50].
Recently, researchers have proposed the use of chews and
swallows as indicators of FI for objective monitoring of ingestive behavior (MIB) [50–52]. These proposals monitored the
chews and swallows during the period of talking, quiet resting, and meals. The outputs of this monitoring along with
other derived metrics were calculated to build prediction
models for food intake detection, food mass estimation, and
diﬀerentiation between solids and liquids. On the one hand,
swallowing-based food intake monitoring systems are relying
on the monitoring of electrical muscle activity, sounds, larynx motion, and variations in electric impedance across the
neck at larynx level. On the other hand, chewing food monitoring is relying on monitoring the electrical activity of jaw
muscles, sounds, and variations of jaw shape [11, 12, 52, 53].
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Table 4: Schema of food intake measuring methods.

Method

Measured parameter

Observations

(1) Monitoring of sounds
Monitoring of swallowing

(2) Monitoring of motion of the larynx
(3) Monitoring of changes in electric impedance
across the neck at larynx level
(1) Electrical activity of jaw muscles

Monitoring of chewing

(2) Sounds generated during the movements
(3) Changes of jaw shape

Microphone placed on
laryngopharynx/mastoid bone
Using accelerometers or
magnetometers
Using electroglottograph (EGG)
Using electromyography (EMG)
Using a microphone placed on
laryngopharynx/mastoid bone
Strain gauges/piezoelectric ﬁlm

Monitoring of hand gestures

Monitoring hand-to-mouth gesture

Using gyroscope

Monitoring of gastric activity and
physiological response to food intake

Using on-body and in-body sensors

Using on-body and in-body sensors

Monitoring of quantity and type of food

Quantity and type of food

Monitoring of chemical food composition

Chemical composition of food

Hand-to-mouth gesture or “bite” [53] monitoring is also
involved in the development of food intake systems which
give a motion indicator for food intake and ingestive behavior. To achieve this type of monitoring, standard inertial
sensors (e.g., a gyroscope) can be utilized to detect wrist
motion [54]. This section will discuss some proposals of FI
and MIB systems.
Acoustic-based food intake detection was proposed by
Päßler et al. [55]. It is composed of a microphone and earpad able to detect FI activity. The system can detect generated
characteristic sounds during chewing and swallowing of food
through the use of an in-ear microphone. To detect FI activity from the acoustic signal, two signal processing algorithms
were built. The results show a high detection accuracy of
approximately 83.3%. Another acoustic-based system that
uses a wearable ear-pad sensor was proposed by Amft [56].
It is based on acoustic properties extracted from the microphone (air-conducted vibrations) to classify the sound of
chewing during the food intake. The system proofed 86.6%
accuracy for detecting four types of food using a pattern recognition classiﬁcation algorithm. However, the experiments
showed that it is very hard to use acoustic properties in detail
food classiﬁcation due to environmental noise. Also, these
sensors can only work with restricted types of food.
Other groups and individual models have been created by
Lopez-Meyer et al. [57] and Sazonov et al. [58] with the aid of
swallowing information. These models can detect FI periods;
however, the need for individual calibration remains a challenge. A solution for the acoustic problem is proposed by
Amft and Tröster [59] which use electromyography sensors
to detect swallowing action. However, this method is not
convenient for long-term monitoring because it requires
the user to wear a sensor collar around the neck.
Liu et al. [12] also proposed an intelligent food intake system for automatic eat activity detection. It is made up of wireless and a lightweight acoustic sensor that is combined with a
miniature camera and in-ear microphone. The sound from
the microphone is used in the process of sound feature

Image processing methods
Spectroscopy

extraction for the purpose of detecting chewing activity.
When chewing activity is detected, the camera will be triggered to capture realistic snapshots of the food. The captured
images are consequently added to a ﬁle which includes a
series of food images and time stamps to outline consumption history.
A food intake detection scheme that is based on pattern
recognition of jaw motion classiﬁcation was developed by
Fontana and Sazonov [60]. The system collects chewing signals during several daily living activities to add more variability, and it implements linear and radial basis function (RBF)
and support vector machine (SVM) models by using time
and frequency domain features. Experimental results showed
that this classiﬁcation model can discriminate FI periods with
an accuracy of 90.52%.

4. Existing Systems
This section shows some important and interesting systems
focused on people monitoring. Concretely, some of these systems are designed to monitor vital signs and are based on a
WBAN composed of sensors for taking data of triaxial acceleration (ACC), electrocardiogram (ECG), blood oxygen saturation (OXI), and geographic position, among others. We
can also ﬁnd some mobile applications focused on measuring
the physical activity.
4.1. Health-Oriented WBANs. A WBAN is deﬁned as a set of
low power devices such as microphones, headphones, or sensors used in the body that wirelessly communicates whit a
central unit [61]. This network usually includes a smart and
compact device, such as a smartphone or node [62]. The network may also consist of devices implanted in the body to
control vital body parameters and movements. Data from
these devices are usually transmitted to a base station, from
which data can be sent, in real time, to a hospital, clinic, or
caretakers. This type of data storage allows the development
of intelligent databases and systems capable of making
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decisions eﬃciently. Because we are developing wireless communication networks, aspects such as the energy consumption [63] or the appropriateness of the communication
protocols enhance the network performance [64].
These systems are able to collect patient data and
improve the eﬀectiveness of therapies. They can also support
clinical decision-making and provide a comfortable and
cheap communication channel between patients and healthcare staﬀ. At present, there are many sensor networks whose
data can be consulted through the Internet. The characteristics that pursue this type of networks are the following:
(i) Easy installation
(ii) Self-identiﬁcation
(iii) Self-diagnosis
(iv) Reliability
(v) Coordination with other nodes
(vi) Software functions and digital signal processing
(vii) Usage of standard network interface and control
protocols
Recently, the popularity of WBANs for monitoring
health status has been growing especially for obesity and
weight control. Lee et al. [62] proposed a mobile phone centric WBAN called KNOWME which is currently deployed
for pediatric obesity prevention and treatment. KNOWME
consists of three Bluetooth enabled oﬀ-the-shelf sensors
(ACC, ECG, and OX) and utilizes Nokia N95 mobile phone
as a node. The features of this system are reducing sedentary
behavior (lying down, sitting, and standing) and promoting
PA in overweight Hispanic adolescents. KNOWME showed
valid quantitative results from diﬀerent mobile phones, and
it is helpful for another kind of application that uses the
sense-compute-communicate cycle.
Alrajeh et al. [63] proposed a WBAN framework for controlling obesity that consists of hardware and software architectures. The hardware architecture is responsible for the
personal server and sensor nodes while the software architecture involves many modules such as a BMI calculator, calories calculator, and a calories consumption module, among
others. Sensors are attached to the hands and feet, and a
smartphone or personal computer can act as a server linked
using a star network topology. The system used iMote2 sensors which have TinyOS and utilize IEEE 802.15.4 standard
for the purpose of communicating with other sensor nodes.
The system also utilized CSMA/CA with RTC/CTS mechanism for reducing the interference among nodes. However,
the system results showed a signiﬁcant diﬀerence in data
delivery between when a user is in motion and when it is not.
Jovanov et al. [64] presented a WBAN based on a wireless
sensor platform with a ZigBee-compliant radio interface and
an ultra-low power microcontroller for monitoring PA and
health status. This platform is equipped with accelerometers for motion monitoring and a bioampliﬁer for electrocardiogram or electromyogram monitoring. Software
modules for onboard processing, communication, and

network synchronization have been developed using the
TinyOS operating system.
Otto et al. [65] designed a home-oriented WBAN system
that continuously monitors user activity and heart rate. The
WBAN sensors monitor the user’s heart rate and locomotive
activity and periodically upload time-stamped information to
the home server. The home server integrates this information
into a local database for the user’s inspection, and it also forwards the information further to a medical server. The prototype can be used for ambulatory monitoring of patients
undergoing cardiac rehabilitation or for monitoring elderly
people at home by informal caregivers. There have been proposed ﬁve intervention strategies that may provide support
at diﬀerent disease stages (diagnosis, prevention, control,
and treatment) and applicable to mobile health-oriented
applications. These strategies include the health information tracking that involves the healthcare providers and
take the advantages of entertainment for changing the
user’s habit, leverage social inﬂuence, and increased health
information accessibility.
An eﬀective epidemic control and source tracking
through mobile social sensing over WBANs have been suggested by Zhang et al. [66]. The framework aimed to detect
people’s face-to-face social interactions. It employs Bluetooth
as a ﬁrst tier and acoustic meter detection technologies of
mobile phones to catch the people’s social interaction pattern.
Based on mobile technology, Pellegrini et al. [67] developed the E-Networks Guiding Adherence to Goals in Exercise and Diet (ENGAGED) program. ENGAGED is a
randomized controlled trial (RCT) which uses a theoryguided technology that supported weight loss program. The
ENGAGED program is designed to run on a smartphone
(Motorola Droid™) and uses an accelerometer. The
ENGAGED application contains the CalorieKing, a food
database and a comprehensive nutritional source containing
over 50,000 food entries, for self-monitoring daily dietary
intake. It also uses goal thermometers to display the participant’s goal and actually consumed the amount of calories
and fat grams. The application also involves a Team tab that
permits participants to view team members’ adherence to
self-monitoring and accelerometer usage. In addition, the
Team tab contains a message board to facilitate peer-topeer messaging communication among teammates.
An architecture of a WBAN for ubiquitous health monitoring has been proposed by Otto et al. [65]. This system
can be applied for a quick response and high communications between patients and caregivers. The system comprises
multiple sensor nodes for heart activity and body motion
monitoring, a network coordinator, and a personal server
which should run on a PDA or a personal computer. The
sensor nodes can detect and transfer vital signs and relevant
data to a personal server (PDA) through wireless personal
area network (WPAN) implemented using ZigBee (IEEE
802.15.4) or Bluetooth (IEEE 802.15.1). PDA transfers this
information to the medical server through the Internet or
mobile telephone networks such as GPRS or 3G [68–70].
Metola et al. [71] present a scalable multidevice framework to increase self-awareness for health and disease prevention (FLES). It is a tool to simplify the deployment of
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medical check-ups and certain risk assessment components
for avoiding various diseases including obesity. FLES enables
integration of wireless sensors, health parameter control
components, and disease risk assessment components to be
deployed in Android-equipped instruments such as smartphones and tablets.
Table 5 compares the health-oriented WBAN solutions
for obesity control presented in this subsection.
4.2. Health-Oriented Mobile Applications. Mobile sensing
platform (MSP) has been used by diﬀerent systems to transmit a list of activities such as walking, running, and cycling.
Most of these mobile applications base their operation on
the embedded sensors we can ﬁnd in smartphones [72]. This
subsection shows some of the most interesting healthoriented mobile applications we can ﬁnd in the market.
UbiFit and Houston systems have been discussed by
Klasnja et al. [73]. They present several systems that utilize
MSP for encouraging regular physical activity (walking, running, cycling, using an elliptical trainer, and using a stair
machine). The progress and performed activities can be
monitored through a screen and a user-friendly interface.
UbiFit application is connected to an MSP and back MSP
transmits a list of activities with predicted likelihoods to the
mobile device during the time of use.
Bond et al. [74] present the B-MOBILE application. It is
specially designed to intervene on sedentary behavior in real
time. The application is able to gather real-time accelerometer data from the smartphone and to calculate sedentary time
by using validated algorithms. B-MOBILE permits monitoring the sedentary behavior goal setting, prompting, and feedback using an automobile dashboard that was visible when
the smartphone display was active. The number of sedentary
minutes is shown through the mobile dashboard which
included a fuel gauge remaining until the next activity break.
B-MOBILE uses two odometers that track the sedentary total
number of minutes and accumulated active minutes during
that day. If a user reaches the predeﬁned limit of minutes
spent in sedentary mode, the B-MOBILE app beeped and a
reminder message appears to interrupt the activity.
Tsai et al. [75] present another mobile application called
PmEB (Patient-Centered Assessment and Counseling Mobile
Energy Balance). It consists of a client app running on the
mobile phone, a server application, and a web interface that
permits users for registering and personalizing the mobile
client. The server application was built using Tomcat, and
the client application using Java 2 Mobile Edition (J2ME).
The main purpose of this app is to monitor real-time caloric balance.
SapoFitness is another mobile health (m-health) system
designed for obesity prevention [76]. It is an intuitive and
friendly application that utilizes mobile sensors such as accelerometers, camera, and GPS. SapoFitness aims to motivate
users for losing weight, increasing their physical activity,
and improving the balanced nutritional state. The application is able to access the personal health records (PHRs)
through web services to the user food intake and physical
activities data to determine his/her nutritional state. This
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application permits a continuous user monitoring irrespective of time and space.
Walkabout [77] is a walk-motivating application that
proposes the user a set of motivating walking alternatives to
ordinary routes by adding a social component. The application consists of a body sensor network (ECG and two accelerometers attached to the user’s legs) and a mobile phone
GPS sensor for enabling footpaths.
Another application focus on step counting called the
StepUp which was present by Khalil and Glal [78]. This
application automatically counts the number of steps walked
by the user using sensor-enabled mobile phones. StepUp
application aims to return the measured quantity of the user’s
daily activities and establish a healthy competition which
works as a source of positive feedback. It also aims to surge
the user’s awareness and understanding of the signiﬁcance
of physical activities and facilitate the embedding of regular
exercise into their daily life.
Some applications are focused on allowing users to
retrieve their food intake history. In this regard, Zhu et al.
[79] propose a prototype system that takes the advantages
of the mobile built-in camera network connectivity to provide an accurate amount of daily food and nutrient intake
by using an integrated image analysis. The system aims to
utilize visualization tools with a nutrient database, permitting
users to record their eaten food. Obtained images are used for
estimating the consumed amount of food and nutrients.
Entertaining systems have been introduced encouraging
people to live a healthy lifestyle. The mobile application/
game called “Time to eat” is an example of this trend. It is
an iPhone application presented by Pollak et al. in [80]. This
application has been designed to promote and persuade children in practicing healthy eating habits. “Time to eat” game
gives children the control of a pet that responds to photos
showing the food it consumes. In addition, the pet sends an
e-mail message as healthy eating reminders. The message is
changed according to the day of the week. The game players
must take and submit photos of their meal. Conversely, the
users will then receive scores given by the pet, depending
on the amount and healthiness of food eaten. Table 6 shows
a summary of health-oriented mobile apps that use MSP.

5. Architecture of a Smart System for
Obesity Control
After analyzing the diﬀerent parameters needed to quantify
the degree of obesity and the existing applications and solutions, in this section, we describe how an intelligent system
for controlling obesity should be implemented and which
factors should be considered to achieve the best results.
An appropriate Smart System able to control and measure obesity should be composed by several sensors and small
devices integrated as the elements of a WBAN (see Figure 9).
Nowadays, we almost measure everything. On the one hand,
it would be interesting to measure vital signs such as heart
rate and breathing. Physiological parameters are also important, for instance, the waist circumference and the evolution
of weight because they are associated with obesity. There
could be other associated important diseases such as diabetes;
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Table 5: Comparison of health-oriented WBAN solutions for obesity control.

No. Paper

1

[62]

2

[63]

3
4
5

[64]
[86]
[66]

6

[67]

7

[65]

8

[68]

Fining
Reducing sedentary behavior (lying down,
sitting, and standing) and promoting
physical activity in overweight
Hispanic adolescents
Monitore body motion, calculate calories
burned, and provide intelligent suggestions
Monitor user activity and health status
Monitor user activity and heart rate
Able to epidemic source tracing
Encourage self-monitoring of daily dietary
intake, PA, calories, and fat grams consumed

Number of sensor(s)

Communication
technology

Sensor node Year

Three types of sensors ACC,
ECG, and OX and GPS

3G, EDGE, and Wi-Fi
for three transmission
phases

Nokia N95
2012
mobile

ACC
ACC and ECG
Mobile phone sensors

IEEE 802.15.4 standard
for communication
ZigBee
—
Bluetooth

ACC, thermometer

Bluetooth

Vital signs monitoring

Applicable for any oﬀ-the-shelf
sensors

ZigBee (IEEE 802.15.4)
or Bluetooth
(IEEE 802.15.1)

Health parameter control and disease
risk assessment

It is a platform for integrating
and combining signals from
sensors

—

ACC

iMote2

2014

Telos
Tmote sky
—
Mobile
(Motorola)

2005
2006
2013

Tmote sky

2005

2012

Smartphone 2013

Table 6: Summary of health-oriented mobile apps using MSP.
No.

Study

Fining

Number of sensor(s)

Sensor node

Year

1
3
4

[73]
[74]
[75]

MSP
MSP
MSP

Mobile
WinMobile
—

2009
2014
2007

5

[76]

MSP

Smartphone

2011

6
7
8
9

[77]
[78]
[79]
[80]

Encourage regular physical activity
Sedentary behavior
Monitor real-time caloric balance and PA
Motivate users to lose weight, increase their physical
activity, and gain balanced nutritional state
Motivate walking alternatives to ordinary routes
Measure the daily activities and to increase the user awareness
Provide an accurate amount of daily food and nutrient intake.
Educate the healthy eating habits

Two accelerometers, GPS
Sensor-enabled in smartphones
MSP (camera)
Camera

Smartphone
Smartphone
Smartphone
Smartphone

2010
2009
2010
2010

this WBAN can integrate smart patch able to measure the
level of glucose and inject insulin doses. Finally, this WBAN
should be able to take measures about the PA through a
pedometer and GPS location.
The data from all these sensors can be processed by a small
microcontroller with wireless capabilities or a smartphone.
Currently, we can provide a wireless connection to any corporal device thanks to the smart tattoos. These are small metallic
circuits glued onto the skin with a microprocessor able to control, for example, some controls of a smartphone. The second
important part of this architecture is the integration of this
WBAN placed on the person’s body in a more complex network that will store and process the data of the person, which
could become a patient. The WBAN wirelessly transmits all
captured data to a medical data server which would enable
doctors and patients access to the medical health record generated from the data provided by this WBAN and information
provided by physicians (see Figure 10). Finally, considering
that these applications could be easily used for control and
monitoring elderly and disabled people, it should integrate
the ability to generate emergency calls to medical services
when dangerous situations are detected.

Finally, we should take into account that the best way to
combat obesity is to address the problem from two diﬀerent
points of view. In this delicate process, we must distinguish
two aspects of training and teaching. On the one hand, the
body weight set point considers all those physiological
parameters that should be periodically measured to monitor
the health status of a person [81, 82]. However, the cognitive
and psychological aspects of this process also play an important role [83]. In this case, the cognitive set point evaluates
the perception of the person with respect to their improvements. Both physical and cognitive aspects must be properly controlled to establish the type of diet, the amount
of food that can be ingested, and the level of exercise that
each person can make due to their physical condition.
Figure 11 shows the combination of physiological and cognitive parameters and how they can aﬀect the course of a
patient to achieve a healthy physical and mental condition.
As we can see, it is a feedback system that adapts the
levels of exercise and the diet requirement to the physiological values measured on the patient. However, both
the level of exercise and the type of diet should be, in
many cases, a little ﬂexible, because the mood sometimes
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Figure 10: Message exchange for our architecture.

plays a very important role to continue with a diet. From
the combination of the physiological and cognitive parameters and their evolution over time, it is established to set
points to feed the system, readapt, and calculate the new
parameters to successfully continue with the process of losing weight. The psychological perception of the situation and
the patient’s perception of his/her good evolution help him/
her to continue with the diet or treatment.
It is obvious to think that to develop a good system able to
monitor and control obesity, the system must combine both
parts, that is, a good sensor network to control the parameters involved in the obesity measurements and an eﬃcient
algorithm capable of evaluating the data collected and take

the most appropriate decisions to reduce overweight and
obesity in people.

6. Conclusion
Many healthcare professionals predict that the prevalence
of obesity would rapidly increase in the coming decade
all over the world due to the lifestyle dependence on
obesity-related factors such sedentary jobs, technology
advancements, and unhealthy foods. The advancement in
smartphone devices, technologies, and wireless sensor networks revolutionize healthcare domain by providing intelligent and low-cost m-health and WBAN systems that will
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Figure 11: Combination of cognitive and physiological aspects to the better control of obesity.

facilitate communication with patients to acquire better services in the optimal time before the serious danger of diseases
threatens their lives.
This paper attempts to study all about obesity including
the related health problems due to obesity and overweight
and methods used to determine the body fat percentage
and its distribution.
We have also analyzed and discussed the current healthoriented WBANs and mobile applications specially designed
to monitor people activity and eating habits. The current
smartphone sensing systems have been developed to sound
the obesity alarm by monitoring and delivering indication
factors including daily physical activity level, sedentary time
estimation, and food intake history reports anytime, as
needed, and anywhere.
Finally, we have explained how a smart m-health system for obesity control should be designed to be eﬃcient
in the goal of obesity and overweight control. We agree
that the best way of designing a system able to monitor
and control obesity is combining both the physical measurements and cognitive positive feedback to motivate
patients and demonstrate their evolution in the process of
losing weight, re-educate their eating habits, and seek a
healthier lifestyle.
As future features to be integrated into smart m-health
system, we should consider the possibility of creating collaborative wireless networks to monitor several individuals and
combining the data from all nodes to take more eﬃcient decisions [84]. Finally, it is important to consider the secured
aspects for protecting the sensitive data the network transmits [85]. With all these considerations and the huge evolution of wearable sensors and smartphones, we are sure we
will be able to create eﬃcient systems for combating obesity
and overweight.
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Nowadays, providing high-quality recommendation services to users is an essential component in web applications, including
shopping, making friends, and healthcare. This can be regarded either as a problem of estimating users’ preference by exploiting
explicit feedbacks (numerical ratings), or as a problem of collaborative ranking with implicit feedback (e.g., purchases, views,
and clicks). Previous works for solving this issue include pointwise regression methods and pairwise ranking methods. The
emerging healthcare websites and online medical databases impose a new challenge for medical service recommendation. In this
paper, we develop a model, MBPR (Medical Bayesian Personalized Ranking over multiple users’ actions), based on the simple
observation that users tend to assign higher ranks to some kind of healthcare services that are meanwhile preferred in users’
other actions. Experimental results on the real-world datasets demonstrate that MBPR achieves more accurate recommendations
than several state-of-the-art methods and shows its generality and scalability via experiments on the datasets from one mobile
shopping app.

1. Introduction
With the continuous improvement of people’s living standards, healthcare has attracted more and more attention
and becomes a hot research topic. The phenomenon of scarcity and unbalanced distribution of medical resources across
areas in China becomes a serious social problem. Under
current circumstances, it is quite diﬃcult for people to choose
appropriate hospitals and doctors. The main channels that
patients obtain healthcare information include recommendations from other people by word-of-mouth, advertisements
on newspapers or television, and more often in the last
decade, using search engines on the Internet (Baidu, Google,
etc.). Unfortunately, these methods cannot ensure information quality, accuracy, and reliability of acquaintances’
recommendations. Given the importance and seriousness of
people’s wellbeing, people always go to reputed general
hospitals for medical requirements, which lead to the phenomenon of overcapacity in AAA grade comprehensive

hospitals and under capacity in Community Health Service
Institutions. It forms a trend that people prefer highreputation hospitals, and thus it worsens the unbalance of
medical resources. For the patients, without professional
knowledge and relevant medical experience, they spend more
unnecessary time and energy in this scenario. Given the
expensive healthcare expenses, it is in danger of making the
wrong judgments and giving up their medical treatment.
Therefore, it is a vital issue to help patients to attend an
appropriate level of medical resource. As emerging medical
databases and websites provide tremendous information, a
personalized healthcare recommendation service based on
web mining methods can be devised. MedHelp (http://www.
medhelp.org/) is an online health community, which oﬀers
tracking tools for pain, weight, and other chronic conditions.
Patients will receive guidance, motivation, and support from
peers and experts. CureTogether (http://curetogether.com/)
is a website where people anonymously talk about sensitive
symptoms, compare health data to better analyze their health
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status, and receive more informative treatment decisions and
new research discoveries based on patient-contributed data.
People can choose medical service from other healthrelated review websites, such as Vitals (http://www.vitals.
com/), Healthgrades (http://www.healthgrades.com/), and
RateMDs (http://www.ratemds.com/). On these websites,
detailed information about hospitals and doctors’ online
appointment service can be obtained. This innovative
process of medical consultation improves eﬃciency compared to traditional onsite doctor selection [1].
Recommender systems can help users deal with the information overload problem eﬃciently by suggesting items (e.g.,
products, movie, and music) that match users’ personal preference [2, 3]. Collaborative ﬁltering [4], a widely exploited
technique, has been extensively adopted in commercial recommender systems [5–7]. In previous works, model-based
methods have been proposed to improve the predictive accuracy using explicit feedbacks (e.g., numerical ratings) [8–10].
However, in many real application scenarios, explicit numerical ratings might not be available. Some recent works turn to
improve the recommendation performance via exploiting
users’ implicit feedback, such as browsing [11], clicking [5],
watching [6], and purchasing [12]. This is known as the
one-class recommendation problem, and various solutions
have been proposed to solve it by making use of auxiliary
relations (e.g., social information).
MR-BPR [13], a state-of-the-art method treating oneclass recommendation as a multirelational learning problem,
focuses on how to make use of social information on users for
item prediction and presents an extension of Bayesian
Personalized Ranking for multirelational ranking in social
networks. In this work, MR-BPR models users’ social preference and item preference simultaneously, but it fails to
model how auxiliary relations (i.e., social relations) directly
inﬂuence users’ preferences on items. Zhao et al. develop
SBPR [14], to model user preference ranking of items by
utilizing the social connections from users’ friends. In
[14], a new social feedback class by exploiting users’ social
information is introduced, and the parameter of social
coeﬃcient can indicate the attitude from users’ social relations towards an item. However, the social feedback is
only based on the users’ social information with their
friends, and this type of feedback can also be considered
the “negative feedback.” Nevertheless, few works have
adopted multiple kinds of observed feedback coming from
multiactions between the users and the items simultaneously
for the one-class recommendation problem, especially in
healthcare recommendation.
In this paper, we study how to leverage multiple observed
feedback for better recommendation models, given the
assumption regarding a new class of items referred to as
“auxiliary feedback.” And, a special coeﬃcient is introduced
to indicate the preference distance between multiple actions
of the users. We then propose a new algorithm called Medical
Bayesian Personalized Ranking over multiple users’ actions
(MBPR). The proposed method is evaluated on a real-world
dataset which is collected from a healthcare service website,
and empirical results show that the model is more eﬀective
and can achieve better recommendation performance. The
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generality of our approach is also demonstrated in the experiments by being applied to another dataset from mobile ecommence application.

2. Related Works
In this section, we will brieﬂy review some related works in
two aspects: (1) methods based on pointwise preference
assumptions and (2) methods based on pairwise preference
assumptions.
In pointwise methods, the implicit feedback is taken as
absolute preference scores. Speciﬁcally, an observed useritem pair u, i is regarded as a positive feedback and
interpreted as that user u likes item i with a high absolute
score. The negative feedback is sampled as low preference
scores using several strategies. The two typical pointwise
approaches for solving this recommendation problem are
OCCF (one-class collaborative ﬁltering) [15] and iMF
(implicit matrix factorization) [16], where matrix factorization methods can be applied to these methods. OCCF [15]
proposes two diﬀerent sampling strategies for unobserved
user-item interactions to solve the one-class recommendation problem. One is weighted low-rank approximation;
the other is negative example sampling. In iMF [16] work,
conﬁdence weights on implicit feedback is introduced,
which can be approximated by two latent feature matrices.
However, the limitation of OCCF is that the unobserved
user-item pairs are taken as a negative feedback and unobserved user-item pairs u, j do not always indicate that
user u dislikes item j in real world. As for iMF, the auxiliary knowledge of conﬁdence is required for each observed
feedback, which may not be available in real applications.
Compared with pointwise methods, pairwise methods
take implicit feedback as relative preferences rather than
absolute ones, and the order or ranking of the feedback is
focused on. For example, the user-item-item triple u, i, j
indicates that user u is assumed to prefer item i over item j,
which can be interpreted as this user shows higher preference
on the positive feedback than on the negative feedback. In
[12], Bayesian Personalized Ranking (BPR) algorithm is
ﬁrstly proposed with such pairwise preference assumption
for solving the one-class collaborative ﬁltering problem. Following this framework, various new works have been proposed to combine diﬀerent types of contextual data into the
BPR algorithm. Pan and Chen [11] develop a general algorithm called collaborative ﬁltering via learning pairwise preferences over item sets (CoFiSet) based on a new and relaxed
assumption of pairwise preferences over item sets, which
deﬁnes a user’s preference on a set of items (item set) instead
of on a single item. Du et al. [17] propose a novel method
called User Graph regularized Pairwise Matrix Factorization
(UGPMF), to improve recommendation performance by
incorporating user-side social connections into the pairwise
matrix factorization procedure. Pan and Chen [18] propose
an improved assumption and group Bayesian Personalized
Ranking (GBPR), via introducing a new concept of group
preference to relax the two fundamental assumptions made
in the pairwise ranking methods. This algorithm uses richer
interactions among users and aggregates the features of a
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Topmd dataset
Appointment registration

Online consultation

Figure 1: Topmd dataset.

group of related users. Zhao et al. [14] design a pairwise
algorithm called Social Bayesian Personalized Ranking
(SBPR) which is based on the simple observation that users
tend to assign higher ranks to items that their friends prefer,
and this method uses social connections to better estimate
users’ rankings of products. Rendle and Freudenthaler [19]
propose a nonuniform and context-dependent item sampler
of negative items via oversampling informative pairs to speed
up convergence.
However, the aforementioned works mainly focus on
modeling the feedback order by using users’ positive feedback, negative feedback, or social information, but do not
investigate how the feedback from users’ other actions can
be combined to model users’ preference order on items.
Compared with these methods, our proposed MBPR algorithm exploits two kinds of observed feedback indicating
multiple actions of the users in order to build better models
of users’ preferences.

3. Problem Definition
In this section, we will ﬁrst introduce the dataset which is collected from a healthcare service website (Topmd (http://www
.topmd.cn/)). And then, we will present the basic concepts
and deﬁnitions used in the paper and elaborate the problem
of Medical Bayesian Personalized Ranking over multiple
users’ actions.
n
Let U = u m
u=1 denote the user sets, I = i i=1 denote the
item sets, u ∈ U, i, k, j ∈ I.
The website Topmd is designed and developed by the laboratory which the author works in. The users’ main actions
include Appointment Registration and Online Consultation
with the doctors which are enrolled formally in this website.
In this situation, the “doctors” can be deﬁned as the “items.”
The numbers of user u made an appointment to doctor i or
user u consulted doctor k are added up separately. “Positive
Feedback” in the dataset represents whether users made an
appointment with a doctor, and “Auxiliary Feedback” represents whether users consulted a doctor on the website. The
Topmd dataset is brieﬂy illustrated in Figure 1. In this paper,
these two kinds of observed feedback coming from multiple
users’ actions are exploited simultaneously to improve the
recommendation performance.

The concepts that will be used in this paper are deﬁned as
the following.
3.1. Observed Items and Unobserved Items. For each user
u ∈ U, observed items FAu ∈ I and FC u ∈ I include the items
which user u shows two diﬀerent kinds of observed preference, respectively. Unobserved items F u ∈ I are the remaining items. In this work, for each user u ∈ U, we divide the
total item set I into three parts: positive feedback, auxiliary
feedback, and negative feedback, just as follows.
3.1.1. Positive Feedback. Positive feedback Pu = u, i is
deﬁned as the set of user-item pairs containing user u and
his/her observed items i ∈ FAu .These could be the items that
user u purchased, rated, reviewed, and so forth. According to
the dataset in question, Pu is deﬁned as the item sets (i.e., doctors) that have been made an appointment by user u.
3.1.2. Auxiliary Feedback. Auxiliary feedback APu = u, k
is deﬁned as the set of user-item pairs containing user u
and his observed items k ∈ FCu . According to the dataset in
question, APu is deﬁned as the item sets (i.e., doctors) that
have been consulted online by user u.
3.1.3. Negative Feedback. N u = u, j indicates negative
feedback deﬁned as the set of user-item pairs, where j ∈ F u
represents items that user u has neither made an appointment nor consulted. Note that a negative feedback does not
represent that a user dislikes the items.
It is obvious that Pu ∩ APu ∩ N u = ∅ and Pu ∪ APu ∪ N u
include all the item sets.
3.2. Auxiliary Coeﬃcient. Given the deﬁnition of auxiliary
feedback, we introduce an auxiliary coeﬃcient muik which
describes the preference distance between u’s positive feedback and auxiliary feedback. Given a particular user u, associated with their positive feedback
u, i ∈ Pu and
auxiliary feedback u, k ∈ APu , muik is a parameter indicating the preference distance between u’s positive feedback towards item i and auxiliary feedback towards a
particular item k. The value and the computational
method of the auxiliary coeﬃcient will be discussed later.
It can be found that the larger the value of the auxiliary
coeﬃcient, the bigger the preference distance between the
appointment action and consultation action. In this
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Table 1: Some notations used in the paper.

Notations
m
u=1

U= u
I= i

n
i=1

FCu ∈ I
Fu ⊆ I

User set, U = m

1

Item set, I = n

Items (absence of observation),
Fu ∪ Fu = I

u∈U

User index

APu =
Nu =

u, i
u, k
u, j

Item index
Pair set (preference of observation over user u’s
one kind action), i ∈ FAu
Pair set (preference of observation over user u’s
auxiliary action), k ∈ FC u
Pair set (absence of observation), j ∈ F u

t ui
t uk
xui

Preference of user u on item i

H i⋅ ∈ Rd×n
bi ∈ Rn

u, k

∈ APu

Auxiliary coeﬃcient,

The number which user u has made to item i based
on one kind action
The number which user u has made to item j based
on auxiliary action

W u⋅ ∈ Rd×m

u, i

∈ Pu ,

muik

θ

→ Ranked list I : r 1 m
≻ …r i p ≻ ri+1 q …,

Fu ⊆ I
i, j, k, j ∈ I

u, STrain , Pu , APu , N u , muik

Description

Items (preference of observation over user u’s one
kind action)
Items (preference of observation over user u’s
auxiliary action)
Items (preference of observation),
F u = FAu ∪ FCu

FAu ∈ I

Pu =

f

Model parameters
User u’s latent feature vector, d is the number of
latent factors
User i’s latent feature vector, d is the number of
latent factors
Item i’s bias

situation, we can naturally assume that user u may also
make an appointment to item k which was only observed
in auxiliary feedback.
We list some notations used in the paper in Table 1.
Unlike the previous works, we introduce a new auxiliary
feedback class by exploiting users’ other kind of action information. With these concepts, the problem of Medical Bayesian Personalized Ranking over multiple users’ actions can be
deﬁned. The goal of this paper is to recommend a personalized ranked list of items for each user u. According to the
above concepts which are deﬁned using both user positive
feedback and auxiliary feedback, the main task is how to
learn a ranking function that incorporates all of these sources
of information.
The problem of leveraging auxiliary feedback (i.e., healthcare consultation information) to improve personalized
ranking for collaborative ﬁltering can be deﬁned precisely
as follows:
Given observed feedback STrain = U, I and the auxiliary
feedback coming from multiple actions, the target of this
paper is to learn a ranking function for each user u.

where r i p ≻ r i+1 q represents that user u shows higher
preference towards item p than item q.

4. Medical Bayesian Personalized Ranking over
Multiple Users’ Actions
In this section, we will describe our model assumption
regarding positive, auxiliary, and negative feedbacks and then
detail the proposed algorithm of Medical Bayesian Personalized Ranking over multiple users’ actions.
Unlike the previous works, we incorporate auxiliary feedback from a user’s healthcare consult information and introduce a coeﬃcient based on the preference distance between
positive feedback and auxiliary feedback that controls how
training pairs are sampled.
4.1. Model Assumption. We ﬁrstly introduce the basic
assumption adopted by the Bayesian Personalized Ranking
(BPR) [12]. BPR’s main idea is to use partial order of items,
instead of single user-item examples, to train a recommendation model, which can be represented as
xui ≻ xuj ,

i ∈ Pu , j ∈ N u ,

2

where xui represents the preference of user u on item i.
Given a positive user-item example of user u on item i
(e.g., user u viewed or purchased item i), we assume that
the user likely prefers the item i ∈ Pu to all other nonobserved items j ∈ N u .This relation is expressed by xui ≻ xuj .
The diﬀerences between the basic idea of point-wise and
pairwise can be reﬂected by this assumption. Point-wise
methods [15, 16] focus on ﬁtting the numeric rating values
whereas pairwise methods [12, 20, 21] model the preference order of the data instead, which can extract a pairwise preference dataset D U × I × I by
D≔

u, i, j ∣i ∈ I +u ∧j ∈ I\I +u ,

3

where I +u is the positive item set and I\I +u is the missing
set associated with user u. The semantics of each triple
u, i, j ∈ D is that user u is assumed to prefer item i over
item j.
The target of the optimization criterion for personalized
ranking BPR-OPT is to maximize the following posterior
probability over these pairs:
BPR − Opt ≔ 〠 lnσ x̂uij − λθ θ ,

4

u,i, j ∈D

where σ x is the logistic sigmoid function
σx ≔

1
1 + e−x

5

The θ represents the parameter vector of an arbitrary
model class (e.g., matrix factorization), and λθ is modelspeciﬁc regularization parameters.
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Previous works have shown that the pairwise assumption
generates better recommendation results than the pointwise
methods. Now, our proposed assumption is detailed based
on the following pairwise preference comparisons.
There are many kinds of medical services under the circumstances of healthcare recommendation. Based on the
datasets collected from the healthcare website, we select the
most representative two types of users’ behaviors. One is
the appointment registration, and the other is online health
consultation. Given this proﬁle, the assumptions are proposed just like as follows:
xui ≻ xuk , xuk ≻ xuj ,

i ∈ Pu , k ∈ APu , j ∈ N u ,

6

where xui represents user u’s preference on positive feedback
i, xuk represents the preference on auxiliary feedback k, and
xuj represents the preference on negative feedback j. Based
on this assumption, the “observed” feedback is composed of
two parts: positive feedback and auxiliary feedback. According to the application scenario of the dataset, the positive
feedback is the set of user-item pairs coming from the reservation relationship, and the auxiliary feedback is the set of
user-item pairs according to the health consultation relationship. The proposed assumption considers both the inﬂuence
of a user’s positive feedback as well as their auxiliary feedback, making it more general and realistic in real medical recommendation settings.
4.2. Model Formulation. In this section, we will introduce the
formulation and learning of the model with the assumption
as in (6), and the experimental comparison will be described
in Section 5.
For each user, the optimization criterion can be represented as follows:
∏ p xui ≻ xuk ∣θ

δ u,i,k

1 − p xui ≻ xuk ∣θ

∏ p xuk ≻ xuj ∣θ

τ u ,k , j

1 − p xuk ≻ xuj ∣θ

i,k∈PAPu
k, j∈APN u

1−δ u,i,k

,

1−τ u,k, j

,
7

where PAPu = Pu ∪ APu , APN u = APu ∪ N u , and δ u, i, k
and τ u, k, j are the indicator function
δ u, i, k ≔
τ u, k, j ≔

1,

i ∈ Pu , k ∈ AP

0,
1,

else,
k ∈ APu , j ∈ N u

0,

else

8

For a speciﬁc user of the data set, (7) reﬂects the main
assumption proposed in Section 4.1 of this paper. On the
one hand, the user’s preference due to positive feedback from
the reservation actions should be larger than that of auxiliary
feedback from health consultation, and on the other hand his
preference due to auxiliary feedback should be larger than
that of negative feedback.
Due to the totality and antisymmetry of a pairwise ordering scheme as detailed in [12], the (7) can be rewritten as

〠i∈P

u ,k∈AP u

p xui ≻ xuk ∣θ

Pu APu

+

〠k∈AP

u , j∈N u

p xuk ≻ xuj ∣θ

9

APu N u

With this assumption, we have a new criterion called
Medical Bayesian Personalized Ranking over multiple users’
actions (MBPR). Our goal is to maximize the following
objective function:
〠 〠 〠 ln σ
u

i∈Pu k∈APu

xui − xuk
1 + e−muik

+ 〠 〠 ln σ xuk − xuj
k∈APu j∈N u

− regularization,
10
where a regularization term is used to prevent overﬁtting.
4.3. Auxiliary Coeﬃcient. Unlike other works, the coeﬃcient
muik is employed in (10) to control the contribution of each
sampled training pair to the objective function. This coeﬃcient indicates the preference distance between positive feedback and auxiliary feedback. Auxiliary feedback with a large
auxiliary coeﬃcient implies that items have a higher probability of being adopted or preferred by users. In our dataset
based on healthcare service, the frequency of a user making
an appointment or health counselling is believed to be the
signiﬁcant evaluation index, which can indicate the preference of the user to the item (i.e., doctors). And so, we will
detail the computation method of this coeﬃcient on the basis
of the speciﬁc circumstances.
4.3.1. The First Method. We deﬁne t ui as the number
which user u has made to item i based on one kind action
and t uk as the number which user u has made to item j
based on auxiliary action. According to the dataset which
is collected from a real-life scenario, the positive feedback
is the set of user-item pairs based on the reservation
action, and the auxiliary feedback is the set of user-item pairs
coming from the health consultation action. t ui is the number
that user u has made an appointment to item i, and t uk is the
number that user u has counselled item k. By comparison, the
frequency of a user making an appointment to the frequency
of health counselling, there are two kinds of situations
as follows:
(1) If t ui ≥ t uk , and then t ui − t uk ≥ 0, the larger the diﬀerence between t ui and t uk , the bigger the user u’s
preference for item i than item k.
(2) If t ui < t uk , and then t ui − t uk < 0, the smaller the
diﬀerence between t ui and t uk , the smaller the diﬀerence between u’s preference for item i than item k.
And thus, the auxiliary coeﬃcient can be deﬁned as
muik ≔ t ui − t uk

11

Based on the above analysis, the auxiliary coeﬃcient can
be computed with the logistic sigmoid function
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1
1 + e−muik

σ muik ≔

12

∇H k⋅ =

∂f θ
x −x
1
= σ ui −muk ×
1 + e−muik
1 + e uik
∂H k⋅

× −W u⋅

+ σ xuk − xuj × W u⋅ − αh H k⋅ ,

And (10) can be rewritten as

19
〠 〠 〠 ln σ
u

i∈Pu k∈APu

− λθ θ

xui − xuk
1 + e− tui −tuk

+ 〠 〠 ln σ xuk − xuj

4.3.2. The Second Method. The auxiliary coeﬃcient muik can
be regarded as one of the model parameters. Firstly, the initial
value of muik can be assigned by (11) and then is iteratively
updated based on the sampled feedback pairs using
∂f θ
,
∂muik

14

muik = muik − γ∇muik ,

15

∇muik =

where γ > 0 is the learning rate.
Based on the two methods described previously, the
experiments will be conducted and the comparative analysis
will be demonstrated in Section 5.
4.4. Model Learning. The optimization problem described in
(13) can be solved by adopting the widely used stochastic gradient descent (SGD) algorithm in collaborative ﬁltering [16].
The main process of SGD is to randomly select a ((positive,
auxiliary) and (auxiliary, negative)) feedback pair, and then
the model parameters are iteratively updated based on the
sampled feedback pairs. We will ﬁrstly derive the gradients
and update rules for each variable.
In our work, the model of matrix factorization is used
in modeling the hidden preferences of a user on an item for
the preference function, xui = W Tu H i + bi , xuk = W Tu H k + bk ,
xuj = W Tu H j + b j , W ∈ Rd×m , H ∈ Rd×n , and b ∈ Rn , where d
is the number of latent factors and θ = W, H, b are the
model parameters for matrix factorization.
According to (13), the regularization term can be
rewritten as
2

20

∇bi =

∂f θ
x −x
1
= σ ui −muk ×
uik
1 + e−tuik
1+e
∂bi

21

∇bk =

∂f θ
x −x
−1
= σ ui −muk ×
1 + e−muik
1 + e uik
∂bk

2

13

λθ θ

∂f θ
= σ xuk − xuj × −W u⋅ − αh H j⋅ ,
∂H j⋅

∇H j⋅ =

k∈APu j∈N u

= λ W u⋅
+ λ bk

2

+ λ H i⋅

2

+ λ bj

2

2

+ λ H k⋅

2

+ λ H j⋅

2

+ λ bi

2

16
We have the gradients of the variables including the loss
term and the regularization term
∇W u⋅ =

∂f θ
x −x
= σ ui −muk × H i⋅ − H k⋅
1 + e uik
∂W u⋅

17

+ σ xuk − xuj × H k⋅ − H j⋅ − αw W u⋅ ,
∇H i⋅ =

∂f θ
x −x
= σ ui −muk × W u⋅ − αh H i⋅ ,
1 + e uik
∂H i⋅

18

− βh b i ,

22

+ σ xuk − xuj − βh bk ,
∇b j =

∂f θ
1
=−
− βh b j ,
1 + e−muik
∂b j

23

where the regularization term is used to void overﬁtting during model learning and αw , αh , and βh are hyperparameters.
And thus, we have the updated rules for each variable
W u⋅ = W u⋅ − γ∇W u⋅ ,

24

H i⋅ = H i⋅ − γ∇H i⋅ ,

25

H k⋅ = H k⋅ − γ∇H k⋅ ,

26

H j⋅ = H j⋅ − γ∇H j⋅ ,

27

bi = bi − γ∇bi ,

28

bk = bk − γ∇bk ,

29

b j = b j − γ∇b j ,

30

where γ is the learning rate.
We can ﬁnd that when the auxiliary feedback of a user
has not been observed, the proposed preference assumption
in Section 4.1 will be same with the assumption of Bayesian
Personalized Ranking (BPR). The algorithm steps of MBPR
are depicted in Algorithm 1, where m is the number of users
and n is the number of items.
The pseudocode for model learning is given in Algorithm 1.
The user-item observed feedback STrain = U, I and auxiliary
feedback AP are taken as input. First, we split n items into three
parts. For each iteration, we randomly sample a user u (step 1)
and then randomly sample items i, j, and k from Pu , APu , and
N u separately (steps 2–4). Speciﬁcally, we compute variable
gradients according to (17), (18), (19), (20), (21), (22), and
(23) (step 5) and then update variables by the gradient descent
method (steps 6–12). The auxiliary coeﬃcient muik can be
computed, respectively, according to the two methods
demonstrated in Section 4.3.
The computational time of learning the MBPR model is
mainly taken by evaluating the objective function and its
gradients against feature vectors (variables). The overall time
complexity of MBPR in one iteration is O d A + d C ,
where d is the number of latent factors, A is the appointment
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Input: Observed feedback STrain = U, I and auxiliary feedback AP
Output: Parameters θ = W ∈ Rd×m , H ∈ Rd×n , b ∈ Rn
Initialization: for u = 1;u ≤ m; do
Split n items into three parts: Pu , APu , N u ;
end
for iterations do
for training sample do
Step 1. Uniformly sample a user u ∈ U;
Step 2. Uniformly sample an item i from Pu ;
Step 3. Uniformly sample an item k from APu ;
Step 4. Uniformly sample an item j from N u ;
Step 5. Calculate ∂f θ / ∂θu,i,k,j ;
Step 6. Update W u⋅ via (17), (24);
Step 7. Update H i⋅ via (18), (25) and the latest W u⋅ ;
Step 8. Update H k⋅ via (19), (26) and the latest W u⋅ ;
Step 9. Update H j⋅ via (20), (27) and the latest W u⋅ ;
Step10. Update bi via (21), (28);
Step11. Update bk via (22), (29);
Step12. Update b j via (23), (30);
end
end
Algorithm 1: The algorithm of Medical Bayesian Personalized Ranking over multiple users’ actions.

registration matrix, C is the online consultation matrix,
and A , C refer to the number of observed entries.

Table 2: Statistics of the two datasets.
Feature

5. Experiments
In this section, we conduct experiments on the two realworld datasets to evaluate the performance of the proposed
method.
5.1. Data Sets. We use two real-world datasets in our experimental studies. The Topmd-A dataset is brieﬂy illustrated in
Section 3. The website has been combined with high-quality
medical resources from 6 hospitals, which are aﬃliated with
Zhengzhou University. By the end of December 2014, it
includes 2288 doctors and 38,490 registered users. The main
functions provided by the website include Appointment Registration and Online Consultation. Based on the real historical data of the website, we extract data from 20,754 users and
1127 items along with their registration numbers and consultation numbers. The numbers of registration actions and
consultation actions are 42,831 and 6735, respectively. Now,
the task is interested in a personalized ranked list starting with
the doctor who is most likely to be made an appointment with.
In order to demonstrate the generality of the proposed
algorithm, experiments are conducted on the datasets from
a mobile e-commerce application. The second dataset is
coming from Sobazaar mobile shopping app including
17,126 users and 24,785 items. Purchasing data and
product-wanted data based on the content interaction are
collected. In this situation, “Positive Feedback” represents
whether users purchased an item, and the product-wanted
data can be considered a variant of “Auxiliary Feedback.”
The numbers of purchasing actions and product-wanted
actions are accumulated, and the total value is 18,268 and

Users
Items
Positive feedback
Auxiliary feedback

Topmd-A

Sobazaar-A

20,754
1127
42,831
6735

17,126
24,785
18,268
8916

8916, respectively. Now the task is transformed to predict a
personalized ranked list of the items which the user wants
to buy next.
The statistics of the two datasets are summarized in
Table 2.
5.2. Evaluation Metrics. We use the popular ranking-oriented
evaluation metrics, Pre@k [22, 23], Recall@k [14], AUC (area
under the curve) [12], MAP (mean average precision) [15],
NDCG@k [24], and MRR (mean reciprocal rank) [22], to
study the recommendation performance of our proposed
method in comparison to the baseline works.
5.2.1. Pre@k. For each user, the precision of user u is deﬁned
as Preu @k = N TP / N TP + N FP , where N TP is the number of
the items which is recommended and user u preferred to
(true positive, TP), N FP is the number of the items which is
recommended but user u does not prefer to (false positive,
FP). And for all users, Pre@k is deﬁned as
Pre@k =

1
〠 Pre @k
U te u∈U te u

31

5.2.2. Recall@k. For each user, Recall@k of user u is deﬁned
as Recallu @k = N TP / N TP + N FN , where N FN is the number
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of the items which is not recommended but user u preferred to (false negative, FN). And for all users, Recall@k
is deﬁned as
1
〠 Recallu @k
U te u∈U te

Recall@k =

32

where E u =

1
1
〠
U te u∈U te E u

〠 δ x̂ui > x̂uj ,

33

i, j ∈E u

i, j ∣ u, i ∈ Stest ∧ u, j ∉ Strain ∪ Stest

5.2.4. MAP. MAP computes the mean of average precision
(AP) over all users in the test set Stest , where AP is the
average of precisions computed at all positions with a preferred item
Z

〠 pre i × pref i
APu = i=1
,
# of pref erred items

5.2.5. NDCG. The DCG@k is deﬁned as
DCG@k = 〠
ℓ=1

2

δ d ℓ ∈I te
u

−1
log2 ℓ + 1
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NDCG is the ratio of the DCG value to the ideal DCG
value for that user which comes from the best ranking function for the user.
5.2.6. MRR. For each user, the reciprocal rank of user u is
deﬁned as RRu = 1/mini∈I teu poui , where mini∈I teu poui is the
position of the ﬁrst relevant item in the estimated ranking list
for user u. And then, MRR is deﬁned as
1
MRR = te 〠 RRu
U u∈U te

AUC

MAP

NDCG

MRR

0.0010

0.0042

0.4989

0.0070

0.1248

0.0076

BPR-MF 0.0154
MBPR-1 0.0154
MBPR-2 0.0155
Improve 0.64%
d = 10

0.0720
0.0723
0.0725
0.69%

0.8384 0.0577 0.2043 0.0602
0.8427 0.0584 0.2051 0.0610
0.8427 0.0580 0.2048 0.0606
0.51% 1.21% 0.39% 1.32%

BPR-MF 0.0160
MBPR-1 0.0172
MBPR-2 0.0172
Improve 7.50%

0.0749
0.0801
0.0800
6.94%

0.8383
0.8304
0.8388
0.05%

0.0587 0.2052 0.0614
0.0672 0.2123 0.0707
0.0629 0.2095 0.0661
14.48% 3.46% 15.14%
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where i is the position in the rank list, Z is the number of
retrieved items, and pre i is the precision of a cutoﬀ rank list
from 1 to i, pref i = 1 if the ith item is preferred and
pref i = 0 otherwise.

k

Pre@5 Recall@5
Random
d=5

5.2.3. AUC. The average AUC statistic is deﬁned as
AUC =

Table 3: Recommendation performance of diﬀerent methods on
the dataset from Topmd and row “Improve” shows the percentage
of improvements that MBPR achieves relative to the best baseline
method.
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5.3. Baselines and Parameter Settings. In this paper, the
experiments are performed based on LibRec (http://www.
librec.net/) which is a GPL-licensed Java library for recommender systems, aiming to solve two classic problems:
rating prediction and item ranking.
In our experiments, we use 5-fold cross-validation for
model learning and testing. Speciﬁcally, we randomly split
each data set into ﬁvefolds. Fourfolds are used as the
training set and the remaining fold as the test set. Five
iterations will be conducted to ensure that all folds are
tested. And then, the average test performance is reported
as the ﬁnal result.
BPR proposes a pairwise assumption for item ranking
and is also a very strong baseline, which is demonstrated to
be much better than the well-known pointwise methods
(e.g., UGPMF [17], OCCF [15]). Our method is proposed

Table 4: Recommendation performance of diﬀerent methods on
the dataset from Sobazaar.
Pre@5 Recall@5

AUC

MAP

NDCG

MRR

Random
d=5

0.0003

0.0011

0.5035

0.0019

0.1010

0.0023

BPR-MF
MBPR-1
MBPR-2
Improve
d = 10

0.0087
0.0101
0.0098
16.09%

0.0308
0.0359
0.0351
16.56%

0.7203
0.7464
0.7461
3.62%

0.0226 0.1411 0.0292
0.0263 0.1480 0.0344
0.0266 0.1483 0.0347
17.70% 5.10% 18.83%

BPR-MF
MBPR-1
MBPR-2
Improve

0.0086
0.0098
0.0099
15.11%

0.0309
0.0347
0.0354
14.56%

0.7290
0.7462
0.7464
2.38%

0.0236 0.1426 0.0308
0.0263 0.1480 0.0344
0.0263 0.1481 0.0345
11.44% 3.85% 12.01%

by extending BPR [12] via introducing richer actions, and
so, we concentrate our study on comparisons between BPR
and our model.
MBPR-1: This method follows the assumption of (6), and
the auxiliary coeﬃcient is computed by equation muik ≔ t ui
− t uk . The model formulation and learning method are
shown in Algorithm 1.
MBPR-2: This method follows the assumption of (6)
too, but the auxiliary coeﬃcient muik is regarded as one
of the model parameters and is iteratively updated using
(14) and (15).
For the iteration number T, we tried T ∈ 30, 100 for
all methods. For the number of latent features, we use d ∈
5, 10 . For all experiments, the tradeoﬀ parameters are
searched from αw = αh = βh ∈ 0 0001, 0 001, 0 01, 0 1, 1 0 .
The NDCG performance on the validation data is used to
select the best parameters αw , αh , and βh . And, we can ﬁnd
that the best values of the tradeoﬀ parameters for diﬀerent
methods on diﬀerent datasets are not the same. The learning
rate is used from γ ∈ 0 1, 0 01, 0 001 .
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0.213
0.212
0.211
0.210
0.209
0.208
0.207
0.206
0.205
0.204
0.203
0.202
0.201
0.200

NDCG@5

NDCG@5
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d=5

0.152
0.151
0.150
0.149
0.148
0.147
0.146
0.145
0.144
0.143
0.142
0.141
0.140
d=5

d = 10
Number of latent factors

BPR

BPR

MBPR-1

MBPR-1

MBPR-2

MBPR-2
(a) Topmd-A

d = 10
Number of latent factors

(b) Sobazaar-P

Figure 2: Performance comparison of BPR, MBPR-1, and MBPR-2 on two real-world datasets.

5.4. Experimental Results and Discussion. The experimental
results of MBPR and other baselines on two real-world datasets are presented in Table 3 and Table 4, and the results of
NDCG on Topmd-A and Sobazaar-P are shown in Figure 2,
from which we can have the following observations:
(1) For both datasets, BPR and MBPR are much better
than the random algorithm, which shows the eﬀectiveness of pairwise preference assumptions.
(2) From the results, it is obvious that our method shows
further improvement on all evaluation metrics
compared with other algorithms, which demonstrates the eﬀect of injected auxiliary actions. The
reason is that BPR model users’ preference only based
on single kind of positive feedback (e.g., purchasing,
viewing, and healthcare reservation), but ignores the
fact that auxiliary feedback is very helpful for predicting the users’ preference to an item. And so, our
method which combines diﬀerent kinds of pairwise
preference over multiple users’ actions simultaneously is indeed more eﬀective than the simple
pairwise preference assumed in BPR.
(3) All models show poor performance on the Sobazaar
dataset, the reason we consider is the sparsity of
users’ positive feedback and auxiliary feedback
(which is showed in Table 2). From the percentage
of improvements on all the evaluation metrics that
MBPR achieves relative to the other models in
Tables 3 and 4, it clearly indicates that MBPR shows
more signiﬁcant improvement on Sobazaar-P than
Topmd-A. And, this observation demonstrates that
our method is speciﬁcally helping for the applications
in which the data sparseness is more serious.

(4) As discussed in Section 4.3, muik is computed using
two diﬀerent methods in this paper and a large auxiliary coeﬃcient implies that items have a higher probability of being adopted or preferred by users. We can
see that on the two real-world datasets, the performance of MBPR-1 is very close to that of MBPR-2.
And one observation from Tables 3 and 4 is that on
most evaluation metrics, MBPR-1 performs better
than MBPR-2 on Topmd-A, while MBPR-2 performs
better than MBPR-1 on Sobazaar-P. Figure 2 clearly
shows the same trend in terms of NDCG. One possible reason may be that in the context of the Topmd-A
dataset for healthcare service, the auxiliary coeﬃcient
computed by the ﬁrst method can indicate the preference distance between the two actions (i.e., appointment registration and online health consultation)
more accurately. While in the context of the
Sobazaar-P dataset for mobile shopping, the relevance between the users’ diﬀerent actions (i.e.,
purchasing and product-wanted) is lower. And thus,
the two diﬀerent methods for auxiliary coeﬃcient
have little eﬀect on the experimental results in
MBPR-1 and MBPR-2.
(5) We can ﬁnd that the two datasets come from diﬀerent application ﬁelds including healthcare service
and mobile e-commerce. And thus, the results clearly
indicate superior prediction ability of MBPR in
various application scenarios.

6. Conclusion and Future Work
In this paper, we studied the one-class collaborative ﬁltering
problem and designed a novel algorithm called Medical
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Bayesian Personalized Ranking over multiple users’ actions
(MBPR). Our novel approach, MBPR, exploits users’ diﬀerent pairwise preference over multiple actions. The two kinds
of observed feedback are taken into account simultaneously
to improve the predicted performance. Experimental results
on two real-world datasets show that MBPR can recommend
items more accurately than BPR using various evaluation
metrics, and this method is especially suitable for healthcare
service recommendation scenarios.
For future work, we are interested in extending MBPR in
three aspects: (1) employing an active sampling strategy to
select training pairs eﬀectively; (2) studying how to exploit
the items’ taxonomy information into the MBPR model;
(3) exploiting individual healthcare information to model
the users’ preference order on healthcare services; (4) deploying our model in other real-world healthcare settings to
design a more general preference learning solution.
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The continuous technological advances in favor of mHealth represent a key factor in the improvement of medical emergency
services. This systematic review presents the identiﬁcation, study, and classiﬁcation of the most up-to-date approaches
surrounding the deployment of architectures for mHealth. Our review includes 25 articles obtained from databases such as IEEE
Xplore, Scopus, SpringerLink, ScienceDirect, and SAGE. This review focused on studies addressing mHealth systems for
outdoor emergency situations. In 60% of the articles, the deployment architecture relied in the connective infrastructure
associated with emergent technologies such as cloud services, distributed services, Internet-of-things, machine-to-machine,
vehicular ad hoc network, and service-oriented architecture. In 40% of the literature review, the deployment architecture for
mHealth considered traditional connective infrastructure. Only 20% of the studies implemented an energy consumption
protocol to extend system lifetime. We concluded that there is a need for more integrated solutions speciﬁcally for outdoor
scenarios. Energy consumption protocols are needed to be implemented and evaluated. Emergent connective technologies are
redeﬁning the information management and overcome traditional technologies.

1. Introduction
Eﬀorts and developments for pervasive healthcare are growing swiftly worldwide; this fact reveals that universities,
researchers, and enterprises are aware of the need for functional and accurate systems that are able to satisfy the
increasing demand for a better medical attention infrastructure [1]. Although healthcare monitoring systems are being
gradually adopted, their performance in clinical settings is
still controversial [2]. Despite this controversial performance,
technology has changed the vision of how caregivers should
react under medical emergencies. Traﬃc accidents have
become a major cause of death around the world, demanding
better emergency care services. In 2012, the World Health
Organization (WHO) estimated that traﬃc accidents were
the leading cause of death in people between the ages of 15
and 29. The WHO also predicted that traﬃc accidents would
become the seventh leading cause of death around the world
by 2030 [3]. Additionally, people suﬀering chronic and

degenerative diseases, especially elderly people [4], also
demand better healthcare services. Diabetes, high blood pressure, and cardiovascular disorders are examples of chronic
and degenerative diseases that limit people from doing their
daily outdoor activities. Therefore, the availability of improved
emergency and healthcare services is the technological challenge that can let people to live in a safe and independent way.
Health monitoring is one of the ways to improve the
emergency and healthcare services. Heath monitoring
enables the early detection of diseases and the prompt medical care under emergencies resulting in the reduction of
suﬀering and medical costs. The use of sensors for monitoring and transmitting the patient’s vital signs is useful for
identiﬁcation of patients under risk. The medical personnel
can determine the actions to safeguard the patient’s health
using the sensor information. The delivery of opportune
medical care could be the diﬀerence between life and death.
Advances in mHealth services incorporate platforms
based on wireless body sensor networks (WBSN) as a central
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Figure 1: Conceptual mHealth system architecture for emergency situation in outdoors.

aid for remote reporting of data to a medical center under
medical emergencies. The WBSN collects data from biomedical sensors and cameras using a user-friendly interface.
The WBSN is also able to transmit images, physiological
signals, and video [5]. In [6], the authors present the
Emergency Remote Pre-Hospital Assistance platform. This
platform enables medical surveillance in real time from
accident location.
1.1. Emergency Situations. An emergency condition can be
caused by multiple and diﬀerent factors, such as natural
disasters, human carelessness, explosions, traﬃc accidents,
and degenerative diseases. On these events, early attention
is very important, also to have a plan of action, and, of
course, the caregiver capabilities. Once the caregivers are
notiﬁed about the emergency situation, the prehospital
assistance starts with the intention to control the emergency by stabilizing the patient for further transportation
to a medical center.
Events resulting in an emergency condition are natural
disasters, human carelessness, explosion, traﬃc accidents,
degenerative diseases, and so forth. These events may be
may be multiple and diﬀerent. Addressing these events also
require (1) early attention, (2) a plan of action, and (3) a
capable caregiver.
After notifying the caregiver about the emergency, the
prehospital assistance starts with the intention of stabilizing
the patient for further transportation to a medical center.
Providing ﬁrst aid and requesting the assistance of a
specialist physician at the same time increases the chances
of a better outcome for patients in critical conditions. To
do this, the assistance request to the specialist physician
must include an accurate overview of the patient. This

overview should be prepared by collecting and sending
patient’s information in real time.
Under this emergency scenario, the incorporation of a
wireless body sensor network (WBSN) enables real-time
monitoring and results in delivering better and opportunistic
medical services. Nevertheless, developing this integrated
system for emergency care becomes a challenging task. Many
factors play important roles and the accurate design of the
system could become the key to obtain the desired outcomes.
This integrated system should be capable of handling the
large amounts of data obtained in a very short time from
diﬀerent vital sign sensors. Common sensors collect vital sign
information such as heart rate, blood pressure, or electrocardiography (ECG). Also, the accurate design of this integrated
mHealth system should address energy consumption issues
in the network, the mobile computer, and the medical
sensors [7]. Other import issues are the design and selection
of the connectivity architecture and the communication
technologies [7]. Meeting quality of service (QoS) requirements, in terms of the network parameters, ensures to have
innovative, accurate, and cost-eﬀective mHealth systems.
Figure 1 illustrates an example of mHealth architecture and
infrastructure for emergency scenarios.
The aim of this paper is to systematically review the
architectures, connective technologies, and energy optimization protocols implemented in the mHealth systems for
emergency scenarios in outdoors in the last ﬁve years. There
are several surveys and taxonomies about the deployed
mHealth architectures for healthcare domain, and also, some
studies are targeted for emergency scenarios. However, to the
best of our knowledge, no systematic review has been
conducted to overview the diﬀerent types of mHealth
architectures currently being implemented for emergency
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scenarios in outdoors. Moreover, our systematic review seeks
for the eﬀorts surrounding the mHealth systems to attend the
patient in emergency situations in terms of architecture integration, communication, and energy optimization proposals.
In that manner, this review collects valuable information
about the following: (1) mHealth third-tier architecture for
emergency scenarios in outdoors, (2) the traditional and
emergent infrastructure connectivity technology between
the three tiers, and (3) energy optimization protocols
employed to increase the lifetime of the mHealth systems.
The study concludes by discussing the future directions in
the ﬁeld.

2. Materials and Methods
This examination was conducted in September 2016–April
2017. The main goal was to ﬁnd, study, and evaluate the
recent eﬀorts related to the infrastructure and architecture
in favor of mHealth systems. This objective was fulﬁlled via
the Internet by selecting the following databases: IEEE
Xplore, Scopus, SpringerLink, ScienceDirect, and SAGE.
The keywords used (employing Boolean phrases) in the
searching were as follows: mobile health, m-health, mHealth,
remote health, ubiquitous health, mobile healthcare, pervasive health, architecture, infrastructure, and emergency.
Considering our interest to provide an analysis of novel productions, articles published after 2012 were considered. We
included exclusively productions published in English and
research from peer-reviewed journals. During the ﬁrst stage,
duplications were excluded and papers were analyzed by
their title and abstract seeking for a match with our scope
of interest. On a second stage, the remaining productions
were subjected to a full-text review.
The initial query displayed 5801 results. After the ﬁrst
stage (title and abstract evaluation and elimination of duplicates), the number was reduced to 366. Once initiated the
full-text review, we aimed our analysis in publications
addressing the remote tracking of medical emergencies in
outdoor scenarios, considering the importance previously
described about traﬃc accidents or sudden-onset emergencies as a consequence of chronic degenerative assistance.
The inclusion criteria were performed as follows: (i) articles
including emergency events handling (e.g., wireless transmission of patient’s vital signs in real time, alarm systems,
emergency services automatic request, and patient’s location
via messages or calls); (ii) the study includes system and
prototype developments, evaluation or validation of algorithms, protocols, models, and systems; (iii) the study was a
peer-reviewed article published in journals; (iv) articles
where approaches considered collecting data for at least one
wireless sensor; (v) studies displaying evidence in the use of
wireless technologies, that means, their infrastructure and
architecture included two or more tiers; and (vi) articles were
written in English language. In the course of full-text review
exclusion criteria was determined by (i) articles derived from
posters, glossaries, conferences, congresses, meeting, front
covers, and book chapters; (ii) articles not written in English
language; (iii) articles not supporting emergency situations;
(iv) articles considering emergency management for hospital
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scenario; and (v) studies where the architecture for mHealth
services included just organizational and conceptual models
(lack of infrastructure in the deployment). All articles were
evaluated looking for real evidence in the outcomes presented. After two stages of evaluation process, 25 articles
were selected for the present analysis.

3. Results
In our review, we detected only 5 (20%) articles that are speciﬁc
for outdoor environments. The other reviewed architectures
20 (80%) were targeted for indoors and outdoors. After the
analysis of the selected articles, we extracted the main information of the recent architectures used for mHealth monitoring
in emergency situations. Table 1 summarizes the extracted
information of the selected studies. The following sections
present the results of (1) demographic data extracted from
the articles, (2) the sensor, mobile, local, and remote units
for the existing m-Health architectures in emergency scenarios, (3) the infrastructure connectivity between the threetiers, and (4) the current energy optimization deployments.
3.1. Demographics. This section reports demographic data
extracted from the 27 selected articles. The articles were from
20 diﬀerent journals; the most common journal was International Journal of Distributed Sensor Networks 4 (16%).
Figure 2 presents the frequency of the articles per year
and per continent. As the data sample range was too short;
it was not possible to consider possible trends. However, it
was important to report that most of the selected articles were
published in 2016. The graph also illustrates that most of the
reviewed mHealth systems were from Europe 11 (44%),
followed by Asia 10 (40%), North America 2 (8%), and
Australia with 2 (8%) studies reported.
3.2. mHealth Architecture for Emergency Scenarios. The
taxonomy of mHealth system architecture for emergency
scenarios in outdoors is focused on the three tier structure:
intra-WBSN communication for the ﬁrst tier, inter-WBSN
communication for the second tier, and beyond-WBSN communication for third tier.
3.2.1. First Tier: Sensor Units. The ﬁrst tier considers the
implementation of a body sensor network (BSN). The sensors have a direct communication with the personal server
(PS) implemented in the second tier. The main sensor units
for mHealth systems in emergency scenarios in outdoors correspond to physiological and environmental sensors. The
selected studies used a diverse type of physiological data to
monitor the internal condition of the person; however,
authors in [18] did not report the acquisition of physiological
signals into the mHealth system architecture. The physiological signal most commonly found was electrocardiography
(ECG). It was also common to ﬁnd environmental sensors
to monitor ambient conditions at the emergency location.
The reported ambient conditions were temperature, light,
noise, and humidity [10, 11, 20, 24]. In terms of sensor data
sampling, authors in [8] reported AN error-free transmission
of biomedical signals. An adaptive dithered signed-error
constant modulus algorithm was implemented into the

Bluetooth

EEG
ACC
ECG
Temp.
BP
EMG
Glucose
HR
RR
BP
SpO2

Emergency medical
information is transmitted
directly through a cellular
Indoors/
[12] network without multihop
outdoors
communications. It is critical
to allocate a dedicated
channel to the base station.

Patient’s vital signs are transmitted simultaneously during
Indoors/
[13] a disaster to the medical cenoutdoors
ter for fast analysis and
diagnosis.
Zigbee

—

Ambient
videos

Multiple videos and medical
data are multiplexed and
transmitted in real time to the Indoors/
[11]
hospital. Medical staﬀ can
outdoors
coordinate, visualize, and
prearrange treatment.

Bluetooth
or Zigbee

Bluetooth

Phys.
Environ.
PAN coord

[9]

Abnormal medical parameters
are sent immediately to
Indoors/
[10] medical facilities by reserving
outdoors
priority slots to report them in
real time.

ACC

A personal emergency
response system with an
Indoors/
automatic detection on falls to
outdoors
send an alarm to the
caregivers.

Bluetooth
or Zigbee

1st tier
Sensors
Com. tech.

ECG
EEG

Target
loc.

[8]

Emergency context

Direct transmission of ECG
through mobile network
where the nearest medical
Outdoors
center can be contacted, and
by GPS, the patient can be
found and saved.

Ref.

Smartphone

LTE or Wi-Fi

Base station

AP
→
Internet
→
Emergency
center

NDN reduce
upstream traﬃc
to eﬃciently utilize the resources
of the network

Cloud
services

Protocol
network
evaluation

Energy
scheme
evaluation

—

Model
proposal
and
algorithm
evaluation

Power management mechanism. Eﬃcient
MAC protocol
to control
sensor’s activity

VANET

System
reliability

Determine
AP
dynamically the
→
number of chanCellular network
Internet
nels to eﬃciently Traditional
Smartphone
Base station
or Wi-Fi
→
utilize the
Doctor’s PDA resources of the
network

—

LAN, WLAN
→
Remote
database or
Doctor’s PDA

—

Algorithm
evaluation

Hospital
center

Hospital
server

GSM, 3G, or 4G
→
Ambulance
→
VANET

LTE

—

—

Can be reduce
the transmission
1st-2nd tiers. 1st Traditional
detects falls
instead of 2nd.

Type of dev.

Algorithm
evaluation

Infras.
connec.

Traditional

—

Energy opt.

Traditional

Ambulance
with cameras, GPS,
USG, and
vital signs

Smarthpone
or tablet
with GPS
and GUI

Smartphone
with internal
ACC, GPS,
and GUI

Smartphone
with GPS

Networked PC
→
Internet
→ healthcare
station

3rd tier
Local serv.
Rem. serv.

GSM or EDGE/
Bluetooth or
Base station
Wi-Fi

2nd tier
Mobile unit
Com. tech.

Table 1: Summary of the recent architectures for m-Health in emergency situations.
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ECG
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EMG
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Arduino
coord
ECG
Arduino
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—

In a web portal to real-time
monitoring of health status of
elderly, their families or cliniIndoors/
[16] cians can visualize a person’s
outdoors
location and status of alarm of
abnormal physiological
parameters.

Heart rate signals are
available through PSI
network. Alarm is generated Indoors/
[17]
and a nearby hospital is noti- outdoors
ﬁed. The system provides
access to EHR.

If the m-Carer system detects
a critical situation, it sends a
message to the location server
Outdoors
[18]
and to the emergency service
to inform the location of the
patient.

In the hospital emergency
room, the BAN patient data is
displayed in real time to the Indoors/
[14]
medical coordinator. Patient outdoors
may be transferred to further
treatment.

—

Zigbee or
Bluetooth
or Wi-Fi

Bluetooth

Bluetooth

1st tier
Sensors
Com. tech.

ECG
Wearable light device (WLD)
SpO2
detects an abnormal event.
PPG
Mobile phone reports an
Temp.
Indoors/
alarm signal to caretaker
[15]
ACC
outdoors
without user interaction. The
WLD coord.
caretaker could request
Videoconf.
further measurements.
GPS

Target
loc.

MAC IEEE
802.15.4

Emergency context
EEG
Positioning
ACC
SpO2
EMG
Glucose
BP
Hearing

Ref.

Smartphone
with GPS

Smartphone

Smartphone
with GPS
and RFID
tag

Smartphone

BAN
coordinator

Wi-Fi or 3G

PSI

Wi-Fi or LTE

—

Internet

2nd tier
Mobile unit
Com. tech.

Table 1: Continued.

Emergency
service

Storage and
visual.
device

—

Caretaker
site

Database
server

Type of dev.

Centralized
Routing
and distribprotocol
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implement.
services

Infras.
connec.

—

—

Location and
preference
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→
Internet
→
Doctors,
relatives
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and prototype
implement.
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Distributed
services
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decide events
Internet-ofSystem
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things
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peering routing
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—
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→
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—
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Biomedical
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Bluetooth
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EEG
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ECG
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A system is developed
through a program running
on a smartphone integrated
[25] with Bluetooth. The smartphone is able to receive data
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Tablet or
smartphone
with GPS

Smartphone
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GPS

Smartphone
(mobile base
unit)

APs
Smartphone

Smartphone
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Mobile unit
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Table 1: Continued.

—

—

—

—

Database
server

—

Medical center
Web-based
microblogging
services
(Twitter)

Web services

Web services
→
MC, doctors,
ambulance

—

A fuzzy-based
data fusion technique to remove
redundant data

—

Use of RFID
technology

Web services
→
Emergency
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doctors
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IoT and
cloud
services

IoT and
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services

Cloud
services

SOA
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Eﬃcient
learning
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phone

Energy opt.
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PDA/
smartphone

Family and
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Algorithm
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System
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System
develop.

System
develop.

System
develop.

Type of dev.

Journal of Healthcare Engineering
7

Emergency context

Indoors/
outdoors

Target
loc.

PPG

Bluetooth

1st tier
Sensors
Com. tech.

Smartphone

Model evaluation and
implement.

Prototype
implement.

Type of dev.

Note. Ref. = reference; Loc. = location; Com. = communication; Tech. = technology; Serv. = Server; Opt. = optimization; Infras. = infrastructure; Connec. = connectivity; Dev. = development;
ECG = electrocardiography; GPS = global positioning system; EEG = electroencephalography; PC = personal computer; ACC = accelerometer; GUI = graphic user interface; PR = pulse rate; Temp = temperature;
SpO2 = oxygen saturation; BP = blood pressure; Phys. = Physiological; Environ. = environmental; NDN = named data networking; PAN = personal area network; coord = coordinator; PDA = personal digital
assistant; VANET = vehicular ad hoc network; USG = ultrasonography; EMG = electromyography; AP = access point; BAN = body area network; HR = heart rate; RR = respiratory rate;
implement. = implementation; PPG = photoplethysmography; Videoconf = videoconference; perform. = performance; EHR = electronic health record; M2M = machine to machine; GCS = gesture control sensor;
BS = behavior sensors; UWB = ultrawideband; RSSI = received signal strength indication; LBS = location-based services; CHF = congestive heart failure; MC = monitoring center; P2P = peer-to-peer;
SOA = service-oriented architecture.
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Figure 2: Frequency of the selected articles per year and per continent.

communication link to obtain a high correlation between
original and transmitted data samples.
3.2.2. Second Tier: Mobile Unit. The second tier considers the
implementation of a PS (mobile unit). The PS has a direct
communication with the database servers implemented in
the third tier. Smartphones and tablets are the most common
units used for mHealth systems. The main built-in technologies used by the smartphone users are the video and the
global positioning system (GPS) technologies. The use of
GPS technology is fundamental to locate the person with
the emergency situation in outdoors. In [26], a smart and
uniﬁed interface based on context-aware and adaptive interface is set for people with disabilities. RFID tags and Wi-Fi
networks are used to track and determine the location of people with disabilities. In [28], the GPS is used for outdoor positioning of the patient; but for indoor positioning, a received
signal strength indication (RSSI) is implemented into the
WLAN. The framework switches between indoor and
outdoor localization via one transmitted bit according to
the mobility of the person.
The use of video technology is valuable for visual monitoring the scenario of the emergency in real time. In [11],
video streams of multiple cameras were collected and multiplexed with other medical information. Ambient videos were
collected and transmitted as the ambulance reaches the
emergency area. While ambulance reaches emergency area,
ambient videos were collected and transmitted. Inside the
ambulance, paramedics can create videos about the condition
of the patient; the specialized medical staﬀ can later visualize
the emergency situation. In [15], cameras made possible the
interaction with the elders within ambient-assisted living
environments. In [23], a wireless multimedia sensor network
using a video recorder is applied in order to track patient’s
activity and medical condition. In [26], the authors use video
technology with the intention to record disabled people in
his/her working places. The analysis of these recorded videos
facilitates the guidance and assistance of disabled people.
3.2.3. Third Tier: Local and Remote Servers. The third tier
considers the implementation of database servers in order

to store, manage, and visualize the patient data. The main
units used are local and remote servers. The most common
deployments for mHealth systems for emergency scenarios
in outdoors include the communication with the local server
and the communication with the remote servers via the
Internet. In [11, 15, 17, 24], the physiological and environmental data are only stored and visualized at the following
local databases: monitoring center, hospital, caretaker site,
and emergency center. In [16, 20, 22, 25, 27–31], the data is
directly transmitted and managed by web services; in this
way, the doctors, users, caretakers, and family receive alerts
in case of emergency situations.
3.3. Infrastructure Connectivity. Infrastructure connectivity
refers to the communication technology implemented
between each tier of the mHealth system. The taxonomy proposed for this category includes the traditional connective
technology and the emergent connective technology.
3.3.1. Traditional Connective Technology. The traditional
connective technology considers the available communication services to manage and transmit the information. Either
wired or wireless sensors transmit the physiological information to a mobile device via Bluetooth or Zigbee, the mobile
device sends the data through a cellular network or a local
area network services, and ﬁnally, the data is managed, visualized, and stored into a local or a remote server.
3.3.2. Emergent Connective Technologies. Nowadays, the
information is being managed in diﬀerent manners, not only
via one-way traditional services. The emergent Internet
connective technologies consider other types of manners to
transmit, process, and manage the data, such as cloud
services, Internet-of-things (IoT), distributed services,
machine-to-machine (M2M), vehicular ad hoc network
(VANET), and service-oriented architectures (SOA).
The most common implemented connective technology
for mHealth systems in emergency scenarios in outdoors is
the cloud services. In [13], a named data networking technology was implemented to deliver rich media contents from
cloud, such as healthcare video adaptive streaming. In [20],
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cloud computing was used to provide the system with sensor
data management and remote monitoring services. Cloud
environment could provide a solution for reasoning component decisions and data mining. In [22], cloud services support a range of capabilities of storing, processing, and
networking. Cloud data oﬀers the possibility to scale up the
system with the number of monitored patients, increasing size
of data and interconnected components. In [28], an emerging
cloud-supported cyber-physical system (CCPS) computing
paradigm is implemented. The CCPS and smartphone integration solves many challenges regarding localization; with
the use of the cyberspace, the complex processing task of
localization could be done in real-time and eﬃcient manner.
The combination of cloud services and IoT connective
technologies is another alternative for mHealth systems. In
[29–31], the synergy of IoT and cloud computing (CC) is
implemented to obtain the sensor data of the IoT subsystem
and use it by the cloud to analyze, process, and classify these
physiological information in order to improve the accuracy,
eﬃciency, and reliability of the framework. Additionally,
the only use of IoT technology is reported in [16]. IoT
enabled intelligence capabilities for real-time monitoring
uninterruptedly, allowing emergencies to be detected immediately. The physical devices and patients became virtual
entities and can be monitored from web services. In terms
of distributed services such as connective technology, the
implementation of a publish/subscribe internetworking
(PSI) is reported in [17]. The network is based on the publish/subscribe paradigm: publishers providing information,
subscribers consuming speciﬁc information, and an event
notiﬁcation service matching the advertised information.
The PSI technology is introduced in assistive environments
and used for an emergency event. The PSI publishes and controls patient data, a notiﬁcation message advertises the data,
and the healthcare unit examines and subscribes for the speciﬁc data of the emergency. In [26], a middleware distributed
service architecture is implemented as a tool to abstract the
hardware features and protocols from high-level layers due
to the inexistence of devices and platforms standardization.
In [14], the implementation of centralized and distributed
services is reported. In this architecture, the connectivity is
adaptable. In centralized mode, the WBSN only connects
with the healthcare station. In distributed mode, the WBSN
connects with the healthcare station and also sends the data
to a medical display coordinator which visualize the information. Another important emergent technology is the implementation of M2M infrastructure. This technology oﬀers a
convergence between objects and intelligent services. An
optimized scheme for movement coordination and data
routing technique are introduced in [23]. The scheme
includes a routing framework where several sensor devices
can relay data to all receivers interested in that data. Finally,
in [32], a hybrid Wi-Fi peer-to-peer (P2P) architecture is
implemented to provide a high-quality health service that
considers the mobility of the user and the optimization of
the M2M data traﬃc via a dispersed cross-layer algorithm
that optimizes the TCP/IP stack. In terms of VANET, the
mobile network was used inside the ambulance to support
mobile connectivity between the hospital and the ambulance
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in case of critical cases [10]. Finally, a SOA connective technology is applied in [27] to deal with communication issues
and extend interoperability and usability including microblogging services (Twitter) whereby patient’s community
could be informed of patient’s medical status.
3.4. Energy Consumption and mHealth System
Optimizations. It is important to take into account the lifetime of the mHealth systems especially when these systems
are intended for emergency scenarios, in which the data
transmission is demanding, in real time and critical. Moreover, for outdoor environments, the mobility of the platforms
prevents the components of the system (sensors, smartphones) to be energized at any time, so the lifetime of the system must be sustainable.
3.4.1. Implemented Energy Consumption Protocols. Although
energy optimization procedures were proposed for increasing the lifetime of the mHealth systems in emergency scenarios in outdoors, few studies implemented an energy
consumption protocol. In [12], a lifetime optimization algorithm was implemented to maximize the minimum lifetime
of each sensor in the WBSN. The disadvantage reported is
that in case of an emergency the WBSN information is transmitted regardless of the energy consumption. In [13], an
energy consumption awareness is evaluated in for LTE and
Wi-Fi technologies. In addition, the implementation of
NDN technology saves energy and other resources in the network. In [14], an energy-aware peering routing protocol
(EPR) is used to reduce the traﬃc load and energy consumption choosing the nearest node available. The drawback is the
implementation of the EPR as an indoor scenario. In [29], a
fuzzy-based data fusion technique is implemented in order
to save bandwidth. The method reduces the transmission
and processing of the sensed data to remove redundant information from the sensors, thus increasing the network
lifetime. In [32], a dispersed cross-layer optimization algorithm is used in order to improve the eﬃciency and reliability
of the network. One drawback is that each wireless device
needs to interoperate and the algorithm should diﬀer
depending on the network environment, but this could be
solved with a dynamic conﬁguration for the MAC layer.
3.4.2. Not Implemented Energy Consumption Protocols. The
other studies only suggested that some actions could be taken
to improve battery lifetime. In terms of minor data transmission, [9, 15, 16, 25, 31] reported that only the relevant information such as alarms could be transmitted. It could reduce
the amount of data transmission between the sensors and
the mobile devices, resulting in battery savings. In terms of
controlling the idle state of the transmitter, [10, 19]
reported that a protocol could turn-oﬀ the sensor node
while inactive and/or maintain the transmitter idle when
no data is available. It could save the battery consumption.
In terms of eﬃcient communication protocol, [31] mentioned the opportunity to use a simpliﬁed protocol stack
into the Bluetooth interface. In terms of energy-aware
monitoring, [22] considers the network resources, memory
availability, processing computation, and battery drainage.
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Finally, [23] proposes an energy-aware routing technique
for data transmission allowing to choose a path with maximal residual energy and at a time the path with minimal
energy consumption.

4. Discussion
Architecture and infrastructure for mHealth services vary
depending on the diﬀerent ways to deploy a wireless sensor
network for emergency scenarios in outdoors. After analyzing 25 articles, our review process pointed out that the majority of the reviewed mHealth systems were intended for
patients suﬀering from either cardiac, epilepsy, dementia, or
paralysis disease. Also, the elderly was the predominant population, and the athletes and disabled people represented the
secondary population.
In the majority of the revised articles, 80%, the mHealth
systems were intended for indoors and outdoors; however,
the deployment and evaluation of these systems were only
for indoor scenarios. This ﬁnding highlights the need to show
real evidence of mHealth systems supporting emergencies in
outdoors scenarios. The need of mhealth systems deployed
for outdoors along with two key factors makes evident our
decision to highlight how wireless body sensor networks
(WBSN) are handling emergency events. The key factors
are the need for emergency care for patients within the
golden hour and the previously stated increment in the rate
of traﬃc accidents [23]. Our review made also possible the
identiﬁcation of the following important facts related to the
use of WBSN for emergency care in outdoors scenarios. In
terms of sensor units, there is a large amount of data generated due to the send-data frequency under emergency events
and the diversity of the acquired signals: physiological and
environmental. It is reported that under emergency situations; the personal health information is updated, at least,
every 10 seconds [5]. To handle this situation, sensors should
be categorized by priority according to the critical condition
suﬀered by patients (heart attack, stroke, respiratory arrest,
etc.). Accurate scheduling techniques should be part of the
routing protocols at the system’s medium access control layer
to avoid data loss due to several sensors trying to access the
communication channel at the same time. Possible techniques identiﬁed are smart energy-aware sensors that are
only activated at speciﬁc time slots; intelligent algorithms
that take into account conditions like abnormal data, buﬀer
space remaining, energy constraints, and physiological
parameter priorities [33]; and fuzzy logic algorithms that
decide the best time to start a data transmission [34]. In
terms of video technology, physicians are more comfortable
if they can visualize patient’s condition. The use of video
streams is a strong tool to help physicians for an accurate
diagnosis. Factors such as patient’s coloring, muscle stiﬀness,
state of shock evidence, and rapid breathing are only some of
the signiﬁcant conditions that could be appreciated by physicians through video technologies. In terms of connective
infrastructure, the traditional technologies are being overcome by the following emergent technologies: cloud services,
distributed services, and IoT. As the accessibility to the information is an important feature for mHealth systems, these
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emergent technologies provide the architectures with
resourceful capabilities for diﬀerent kind of services. Another
important consideration is that the WBSN-based designs
have to take into account factors like mobility, infrastructure
at urban and rural areas, and crowded environments with the
coexistence of diﬀerent communication technologies. One of
the most important features of mHealth systems is the energy
consumption. Important energy optimizations to be considered are (1) the incorporation of signal-processing techniques to reduce data volume; (2) the incorporation of vital
sign correlation to improve the communication network performance; and (3) the adoption of sampling strategies to
reduce the data volume. Signal processing reduces the data
volume using compression techniques. The reduction in
energy consumption occurs if the time to transmit compressed data is shorter than the time to transmit uncompressed data. Relevant signal-processing techniques within
WBSN are QR peak detection, QRS complex, interpolation
algorithms, and compressive sensing. The reduction in
energy consumption is also possible by correlating vital sign
data and by incorporation polling intervals at the sensors,
only after the identiﬁcation of an abnormal condition during
the correlation process. Reductions in energy consumption
are also possible by adopting sampling strategies that avoid
a constant sampling rate [35]. The correct selection of a sampling strategy can reduce data volume and the energy consumption at the time to transmit data over a WBSN. Other
sampling strategies that must be considered to improve
energy eﬃciency are (1) adaptive sampling that modiﬁes in
real time the data collection after analyzing the correlation
between the sensed data and the energy remaining at the
power supply; (2) hierarchical sampling with multiple complex and simple sensors enabling the possibility to trade precision and power consumption; and (3) model-driven active
sampling that builds an abstraction of the sensed parameter
using a forecasting model. This model predicts the next data
to be acquired by the sensor.
A ﬁnal WBSN-based design and implementation has to
consider energy eﬃciency. The whole WBSN-based system
can fail if one or more nodes run out of battery. The
WBSN-based design has to take into account consumptionaware policies and adaptive behaviors regarding network
and patient conditions [33, 36].

5. Conclusion
Our systematic review presented a comprehensive overview of the integrated mHealth architectures for outdoor
emergencies. Our systematic review also highlighted the
emergent connectivity technologies and the energy optimization protocols implemented in mHealth systems for outdoor emergencies.
Despite the growing presence of remote health monitoring in home, hospital, and emergency scenarios, the development based on wireless body sensor networks (WBSN) is still
at a redeﬁnition stage especially for outdoor emergencies.
Our review also highlighted the need for more integrated
mHealth solutions speciﬁcally for outdoor scenarios. Only
one of our surveyed studies presented an integrated solution
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based on the need of mHealth systems capable of switching
among requirements depending on an outdoor or indoor
context. Also, the integration of emergent connective technologies into mHealth architectures are redeﬁning the way
information is being managed. Emergent technologies such
as cloud services and Internet-of-things (IoT) represent
new paradigms for the communication among speciﬁc layers
found in mHealth systems. The sensor nodes demanded by
these technologies must satisfy several requirements: (1) high
degree of integration with a small size, (2) local processing of
multiple signals, (3) reduction in power consumption of the
microprocessor, (4) reduction in wireless data transmission,
(5) data intensive collection, and (6) reduced duration of
the processor’s active mode. Finally, our review highlighted
the need for implementing and evaluating energy consumption protocols.
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Brain tumor segmentation is the ﬁrst and the most critical step in clinical applications of radiomics. However, segmenting brain
images by radiologists is labor intense and prone to inter- and intraobserver variability. Stable and reproducible brain image
segmentation algorithms are thus important for successful tumor detection in radiomics. In this paper, we propose a supervised
brain image segmentation method, especially for magnetic resonance (MR) brain images with glioma. This paper uses hard edge
multiplicative intrinsic component optimization to preprocess glioma medical image on the server side, and then, the doctors
could supervise the segmentation process on mobile devices in their convenient time. Since the preprocessed images have the
same brightness for the same tissue voxels, they have small data size (typically 1/10 of the original image size) and simple
structure of 4 types of intensity value. This observation thus allows follow-up steps to be processed on mobile devices with low
bandwidth and limited computing performance. Experiments conducted on 1935 brain slices from 129 patients show that more
than 30% of the sample can reach 90% similarity; over 60% of the samples can reach 85% similarity, and more than 80% of the
sample could reach 75% similarity. The comparisons with other segmentation methods also demonstrate both eﬃciency and
stability of the proposed approach.

1. Introduction
Glioma is a prevalent fatal brain disease, accounting for
about 50% of instances among all intracranial tumors, which
is also the major malignancy brain disease with the highest
mortality and morbidity. Traditionally, the determination
and staging of glioma are mainly based on a radiologist’s
experience and intuition, leading to poor diagnosis stability
and reliability. Through accurately and reliably converting
medical images into quantiﬁed digital features, radiomics
provides an eﬀective solution for automatic detection and
determination of glioma by describing the microenvironment of tumor lesion [1–3]. In addition, it has been shown
to be eﬀective in computer-aided diagnosis and computer-

assisted surgery and radiotherapy as well as medical research
of glioma patients by extracting personalized features for
individual patient.
Radiomics typically uses machine learning to train a
model for classiﬁcation or prediction. The segmentation of
the region of interest (ROI) is the most critical step, which
is also the foundation of all subsequent analyses. In practice,
existing glioma segmentation is hard to be applied in clinical
routines because of the heterogeneous nature of glioma and
the image acquisition procedures. Firstly, due to the characteristics of glioma, the tumor tissue shows no clear boundaries with normal tissues [4]. The gray levels between
diﬀerent tissues have similar gray values in the MRI images.
In addition, glioma’s inherent complexity exhibits complex
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pathological changes (including hemorrhage, necrosis, and
edema appearance). In particular, the nature of the tumor’s
subregion is the gene mutation, so the heterogeneous nature
is chaotic [5]. Secondly, the glioma image contains Gaussian
white noise and bias ﬁeld caused by coil magnetic of the
equipment, which can be expressed as low-frequency global
multiplicative noise, and therefore, these images show no
uniformity in the same tissue. Partial volume eﬀect resulted
from equipment resolution indicating that the gray level of
pixel reﬂects the average gray level of voxel. Active or inactive
movement of patients between acquisition processes has negative impact on images. For the above reasons, glioma images
show blurry edges and uneven gray levels, thus making accurate, repeatable, and stable segmentation a challenging task.
Indeed, accuracy and robustness of existing glioma segmentation algorithms are insuﬃcient; thus, radiologists are still
needed for assisted image segmentation to ensure the quality
of radiomics.
On the other hand, with the popularity of mobile devices as
well as the development of wireless technology, smartphones
and tablets have become routine oﬃce tools. An increasing
number of doctors started to use mobile devices to handle clinical tasks, such as viewing medical images and submitting
diagnostic advice. Thus, in the context of semiautomatic
segmentation, it is desirable to allow doctors to do supervised
segmentation in their convenient time. Due to the limited
computing power of mobile devices, it is challenging to directly
process the raw image data on the devices [6–8]. In order
to improve the experience of interactive segmentation on low
bandwidth and often unstable wireless network, we often use
a client/server model where medical images are preprocessed
on the server while doctors supervise segmentation on the
mobile client. This framework thus requires small data
transfer between the mobile client and server and a fast
segmentation algorithm on the mobile client.
The contributions of this paper include the following:
(1) We adapted the multiplicative intrinsic component
optimization (MICO) algorithm [9] to denoise and
presegment tissues for further processing. The original MICO often produces blurry edges, making the
preprocessed images less usable for radiologists.
Thus, we replaced its fuzzy membership function
with a binary function to obtain clear edges. We also
replaced the ﬁxed iteration number with an empirically derived threshold for algorithm termination,
which reduces preprocessed image size for wireless
transfer from the server to mobile client. On the
mobile device, we used the multiseed regiongrowing (MSRG) segmentation algorithm to automatically calculate the region of interests based on
seeds chosen by the doctors.
(2) We experimentally evaluated the proposed approach
and compared with popular segmentation algorithms
to show its eﬀectiveness and consistency. In addition, we implemented and evaluated the mobile
application to show that the MSRG algorithm runs
eﬃciently on mobile devices that allows for good
interaction performance.

2. Related Works
According to the degree of required human interaction, brain
tumor segmentation methods can be classiﬁed into three categories [10], manual segmentation, automatic segmentation,
and semiautomatic segmentation. Manual segmentation is to
label tumor lesions manually slice-by-slice by a radiologist
which is time consuming and tedious. Besides, it is challenging to repeat due to its strong subjective and heavy workload,
which is also of limited use for objective quantitative analysis.
Automatic segmentation is controlled entirely by the algorithm, and there is no requirement of interaction with the
high segmenting speed. However, due to the severe inherent
heterogeneity of tumors together with bias ﬁeld and noise,
the accuracy of the automatic segmentation algorithm is
often poor. In contrast, semiautomatic methods label the
ROI with less interaction, adapt to diﬀerent images and
needs, and also achieve high accuracy and fast speed. Therefore, semiautomatic segmentation can balance the contradiction of segmentation accuracy and high labor intensity.
Experiment results obtained by Parmar et al. [11] show that
radiomics features extracted from semiautomatic segmentations had signiﬁcantly higher reproducibility compared to
that of extracted from the manual segmentations. To obtain
stable radiomics features, the key is to reduce human interaction and simultaneously guarantee the accuracy and reproducibility as well as stability. Currently, the gold standard
of glioma image segmentation does not exist. In clinical
practice, two radiologists are often used to evaluate the
segmentation results. Thus, reproducibility and stability are
more signiﬁcant in comparison with the accuracy.
The brain tumor segmentation algorithm can mainly
be divided into the following categories [12]: regionbased (or edge-based) method, classiﬁcation and clustering
method, and methods with constraints, as well as some
hybrid methods.
Region growing is a classic region-based segmentation
method, adding a pixel to the collection with similar properties to the seed point and iterative increase collection until
achieving the target region segmentation. The key of region
growing is to design the rules of measure similarity as well
as the rules of growth. Rexilius et al. [13] initialized a
region-growing algorithm with a tumor map, which was
obtained from a multispectral histogram model adaptation.
Bendtsen et al. [14] used the region-growing method presenting a semiautomatic segmentation algorithm LuTA for lung
cancer and also apply it to analysis and evaluation of tumor
volume. Gu et al. [15] expanded the single-click ensemble
segmentation on the basis of LuTA and reduced the interactions in semiautomatic segmentation through multiple initial
seeds produced in the core area, the external seeds produced
by the 3-dimensional view expansion along 24 directions,
and the stable tumor segmentation area generated by
region-growing algorithm iteration. Due to the requirement
of manually specifying the seed point and being sensitive to
noise, the segmentation results obtained through the multiseed region-growing algorithm are likely to contain lots of
holes, which generally require being combined into the
segmentation results based on the circumstances.
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Figure 1: Segmentation algorithm ﬂowchart.

The edge-based method uses the dramatic changes of
gray value in the edge of the object. An active contour model
(ACM) can use prior knowledge to solve image segmentation
problems. Sachdeva et al. [16] made use of content-based
intensity and texture patterns to evolve an active contour
towards the tumor boundary in diﬀerent MRI modalities. A
level set segmentation algorithm expresses the evolving curve
impliedly as the zero level of high dimension level set function,
which possesses excellent theoretical foundation, can rapidly
expand to 3-dimensional segmentation, and is extensively
applied in glioma segmentation [17–19]. However, due to the
heterogeneity of glioma and unclear boundary between
tissues, level set segmentation has faced the problem of edge
overﬂow problem, requiring further improvement for glioma.
Classiﬁcation or clustering methods make use of voxelwise intensity and texture features to segmentation, which
is based on simple and intuitive idea that objects in the same
class have small distance and objects between classes have
broad distance. Ruan et al. [20] used SVM to segment brain
tumors, which can only be handled with the lower number
of modalities and one tumor region due to the binary classiﬁcation characteristic of SVM. Deep neural networks
(DNNs) were proposed to automatic brain tumor segmentation [21–23]. Havaei et al. [21] used a tailored convolutional
neural network to segment glioblastomas. Zikic et al. [24]
applied decision forest classiﬁcation with context-aware features and an additional generative model as an input to identify tumor subcompartments from multimodal images. In
addition to the algorithm simply using voxel-wised information, there have been numerous methods which attempt to
use additional information to improve segmentation result
[25–27]. Li et al. [9] proposed the multiplicative intrinsic
component optimization (MICO) algorithm, which can be
used to correct bias ﬁeld and segment normal human tissue
at the same time. To the best of our knowledge, there is no

example applying the MICO algorithm into the pretreatment
of glioma segmentation.
Although there exist many segmentation methods, tumor
segmentation is still speciﬁcally designed for speciﬁc tasks
and the general solution has not yet formed. Segmentation
results have shown a great relationship with the initial state
and parameters of an algorithm. As mentioned before, in
radiomics applications, reproducibility and stability are more
important compared to accuracy. MICO [9] is an eﬃcient
algorithm for normal human tissue segmentation; this paper
uses a modiﬁed MICO algorithm to preprocess a glioma
medical image on the server side, and then the doctors supervise the segmentation process on mobile devices. The preprocessed images have small data size and simple structure,
which allows the follow-up steps to be processed on mobile
devices with low bandwidth and limited computing performance. Through this way, a stable and reproducible method
for the semiautomatic segmentation of glioma in the mobile
environment is obtained.
The remainder of the paper is structured as follows: in
Methods, the authors present the methods used in segmentation such as preprocessing on the server side, segmentation with multiseeds on mobile devices, and postprocessing
like holes ﬁlling. In Results and Discussion, this paper
describes the segmentation performance and analyzes the
advances and unsuitable scenes of the method. Finally, in
Conclusions, the authors conclude the work and give an
outlook on future work.

3. Methods
In this work, the authors use the client/server framework
to implement the segmentation of glioma. On the server
side, a multiplicative intrinsic component optimization
algorithm is adjusted to be suitable for glioma medical
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Figure 2: The user interface on the mobile device.

images and to enable that it can denoise and presegment
tissues within which the same tissue voxels have the same
brightness for further processing. And then, due to the
special nature of preprocessed results, the radiologist can
complete segmentation on the mobile devices just by manually specifying seed at any position within the ROI. The
whole process of our method is shown in Figure 1.

noise in this paper, and the other is the bias ﬁeld eﬀect
caused by heterogeneous magnetic ﬁeld of the equipment
coil, which manifests as low frequency multiplicative noise
with global gradient. Therefore, the image model can be
described using

3.1. Preprocessing on the Server Side. The preprocessing
algorithm denoises and presegments tissues from the glioma imaging which is implemented by MATLAB®
R2015b (Version: 8.6.0.267246) on a Dell Precision Tower
5810 workstation with Windows 10 Enterprise (x64) which
CPU is Intel Xeon E5-1620V3@3.5GHz (8 CPUs) and has
16G memory.
Similar to other medical images, the noise of glioma images
mainly derives from the following two aspects: one is the
random noise, which is assumed as the Gaussian white

where I x is the intensity of the observed image at voxel x,
b x is the bias ﬁeld, J x is the true image, and n x is the
Gaussian white noise with zero mean.
It is discovered through observation that the glioma
image consists of normal tissues such as protein, gray matter, and cerebrospinal ﬂuid, as well as abnormal tissues
like the accompanying edema, and all tissues are well
deﬁned. Without the loss of generality, it is assumed that
the same tissues in the image has consistent brightness,
and the boundaries between diﬀerent types of tissues are

I x =b x J x +n x ,
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Table 1: The similar indicator of segmentations.

SI ≥ 75%
Number of samples
109
89
48
52
35

Algorithm
Our method
Snake
RegionGrow
LuTA
CV

Proportion
84.50%
68.99%
37.21%
40.31%
27.13%

SI ≥ 85%
Number of samples
85
75
34
38
22

clear and do not overlap. Based on this assumption, we
assume that glioma images contain N piecewise constant
regions. Noise energy is deﬁned using (2) [9], and we
can reach balance when the energy is minimum.
N

F u, c, w =
Ω

=

∣I x − wT G x 〠 ci ui x ∣2 dx
i=1

2

N

2

〠 I x − wT G x ci ui x dx,

Ω i=1

where w = w1 , …, wm T , G x = g1 x , …, gm x T is polynomial basis functions, b x = wT G x , ci is the gray level of
the i-th tissues in the image, and ui is an array indicating
the i-th tissue or not, if the voxel is i-th tissue then corresponding cell sets are 1 and 0 otherwise and ∑ui = 1,
J x = ∑Ni=1 ci ui x .
Unlike the original, MICO produces blurry edges,
making the preprocessed images less usable for radiologists. The authors take oﬀ the fuzzy membership functions
from origin MICO update functions in order to get clear
boundary of glioma. After doing that, the result has a simpler
structure and can reduce the size of data transferred from the
server to the client and simplify the display and regiongrowing segmentation algorithm on a mobile which has a
small screen as well as limited computing performance. To
be compared with the origin MICO, the authors call this speciﬁc MICO as HMICO, which means hard edge MICO in the
rest of the part of this paper. In this work, the authors use a
gradient descent algorithm to optimize u, c, w by minimizing
(2), ﬁxing two parameters to optimize the third parameter.
̂ci =

Ω

I x b x ui x dx
Ω

b2 x ui x dx

, i = 1, …, N,
−1

N

w
̂=

G x GT x
Ω

〠 c2i ui x

dx

i=1

3

N

Gx I x
Ω

û i =

1, i = imin x
0, i ≠ imin x

〠 ci ui x

dx,

i=1

, imin x = arg min δi I x

A large number of experiments prove that an energyminimizing algorithm can be quickly converged in a ﬁnite
number of steps. According to general experience, the algorithm converges to an available accuracy within 5–20 steps,

Proportion
65.89%
58.14%
26.36%
29.46%
17.05%

SI ≥ 90%
Number of samples
42
39
19
4
2

Proportion
32.56%
30.23%
14.73%
3.10%
1.55%

and the origin MICO algorithm sets 20 times as default steps.
To ensure the stability of the algorithm while reducing the
number of iterations, after every iteration, (4) was used to calculate the energy descent rate ΔF , then terminate iteration
when ΔF is reaching a certain threshold value.
ΔF =

F n−1 − F n
Fn

4

3.2. Semiautomatic Segmentation on Mobile Devices. After
preprocessing, a semiautomatic segmentation algorithm
was implemented using region-growing segmentation with
multiseeds on a mobile device. We use Java as the programming language and Android studio 2.2.3 as the GUI editor
and test phones including MI 5S plus and HUAWEI P9
whose operating system is based on Android5.0. The user
interface on the mobile device is shown in Figure 2.
Glioma images are pretreated by HMICO algorithms on
the server side; the N kinds of tissues in the images have been
labeled. The complicated growth pattern and the presence of
heterogeneity in glioma images render regions with heterogeneous brightness in the tumor being divided into other
regions by mistake. It can be found through observing the
tumor region that the majority of tumor region has relatively
uniform brightness, which has become uniform brightness
after pretreatment; the radiologists only need to select the
seed-growing points in the region, and they can obtain the
tumor region of interest through a region-growing algorithm.
In the case of the tumor region being pretreated as multiple
adjacent regions due to heterogeneity, the uniform region
of interest can be obtained through multiseed growing. The
steps of region-growing segmentation with multiseeds are
shown as follows:
(1) The radiologists set seed points and push these seeds into
a stack.
(2) Pop up the seed-growing point (x0, y0) from the stack
and take the 8 neighborhood pixels (x, y) into consideration
with (x0, y0) being the center. If (x, y) satisﬁes the growth criteria, then combine (x, y) with (x0, y0) into the same region
and push (x, y) into the stack.
(3) End the growth, if the stack is empty, and implement
step 2.
Due to the caused heterogeneity, after the region-growing
algorithm, segmentation result may contain many subareas
in the main ROI area. These subareas can be well segmented
through multiseeds, causing large workload for radiologists.
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Figure 3: Glioma image segmentation results. Note: the ﬁrst row is the original images, the second row is manually deﬁned as ground truth
labeled by a radiologist, the third row is segmentation results of HMICO, and the fourth one is obtained by the method of the present paper.

Besides, it is worth noting that these subareas almost
completely are contained in the main ROI area, so ﬁlling
these holes (the area ratio is smaller than the threshold value)
can obtain the complete area of the ROI.

4. Results and Discussion
In the experiment, the HMICO algorithm on the server side
is implemented in Matlab using ΔF ≤ 0 01 as terminate
threshold, and the preprocessed data was stored in the server
in the form of a ﬁle. The mobile terminal equipment utilizes
the Android 5.0 operating system. A native development kit
was used to interact with the preprocessed images or the
original image.
To measure the performance of the algorithm and the
scope of the algorithm, the Jaccard coeﬃcient was used to
calculate the overlap with the ground truth [28], which
can range from 0 to 1 with 0 indicating no overlap and
1 implies the perfect overlap. Deﬁning similar indicator
(SI) is as follows:
SI =

SA ∩ S B
,
SA ∪ SB

5

where SA is the segmentation result of the semiautomatic
method and SB is the manual segmentations by a radiologist
due to the lack of a well-accepted ground truth.
In order to compare the performance of the method,
the authors use the classical segmentation algorithms for
comparative experiments. These algorithms include a classical level set method Chan-Vese (CV) [29], Snake [30],
LuTA [15], and region growing. All the experiments are
using the same origin data and using the same seed in
LuTA and region-growing as used on the mobile side
and initiate level set function around the seed by a circle
with a diameter of 2 pixels and initiate the snake mask
around the seed by 2 pixels.
4.1. Dataset and Segmentation Results. Experiments used
data sets from the Henan Provincial People’s Hospital, and

Table 2: Comparison of SI on the cases that our method has
worse SI.
Algorithm
Snake
RegionGrow
LuTA
CV

Mean
13.42%
8.02%
5.63%
8.95%

STD
7.69%
5.93%
4.29%
4.93%

Max
36.14%
24.67%
10.35%
19.44%

Min
0.01%
0.15%
0.09%
0.23%

the data set includes 129 cases of various types of glioma
image. Besides, the data set has been hand marked and
conﬁrmed by two experienced radiologists. Through comparing the manual segmentation results and the semiautomatic segmentation results in this paper, the algorithm
uses similar indicator deﬁned by (5). After conducting
the test, the SI can reach 75% over more than 80% of
the samples. SI data is shown in Table 1.
After examining the segmentation results, the method in
this paper obtains good segmentation results with the images
that have a relatively smooth morphology in the boundary.
For these images, the segmentation results of our method
are quite consistent with the manual segmentation, as shown
in Figure 3.
For some of the cases that SI ≥ 50%, the performance
of our method may be worse than those of the compared
methods, but when examining these cases, our method is
also found to have an acceptable result. For example, compared with that of the snake algorithm, the SI of our
method is average less 13.42% with stand error of 7.69%,
for the detailed data; see Table 2. For the cases that
SI < 50%, the algorithm does not work, which will be discussed in chapter 4.5.
4.2. The Eﬃcacy of Multiseeds and Hole Filling. Due to the
existence of strong tumor heterogeneity, the ROI may be
divided into several subregions or contain little holes. For
independent subregions, using multiseed region growing to
merge them can improve accuracy. For example, the SI of
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Figure 4: The eﬀective of multiseed region growing. Note: the top row presents the original image, the ground truth labeled by a radiologist,
and the result of HMICO from left to right. The bottom row shows the result of region growing with single seed, multiseeds, and the ﬁnal
result of our method, respectively. For this example, the SI of multiseed region growing can reach 87% while that of region growing with
single seed is only 53%.

multiseed region growing can achieve 87% while region
growing with single seed is 53% as shown in Figure 4. For little holes within the ROI, hole ﬁlling can be used to solve it
eﬃciently. For example, ﬁlling holes can improve the SI from
53% to 84% as shown in Figure 5. Compared with origin
growing with single seed on all samples, the SI of our method
with multiseeds and hole ﬁlling increases 2.57% on average.
4.3. Algorithm Reproducibility. Segmentation algorithm stability is one of the major challenges encountered during the
implementation of radiomics, therefore guaranteeing the stability and reproducibility of segmentation results under the
condition of guaranteeing that the acceptable accuracy is of
more important signiﬁcance.
The reproducibility of the segmentation algorithm
mainly derives from two aspects. One is the iterations of
the pretreatment algorithm; in order to improve iteration
eﬃciency, this paper adopts the energy decrease rate
threshold as the iteration-stopping condition; as uniform
original parameters are adopted in the initialization, the
same intermediate segmentation results can always be
obtained for the same image. The other one derives from
the selection of seed points; as the pretreated tumor region

has same gray value, the same segmentation results can
always be obtained through the algorithm in this paper,
regardless of the position of seeds in the region of interest.
Taking the above reasons into account, this algorithm has
extremely high segmentation stability.
4.4. High Compression Performance for Mobile Devices. In
order to realize real-time transmission, image segmentation,
and image display of glioma on mobile equipment, the issues
of real-time data transmission under low bandwidth wireless
network, seed interactive selection on mobile equipment with
small screen size, and completion of segmentation of the
region of interest and real-time display on the screen under
limited calculated performance of mobile equipment should
be solved. All these issues have been excellently solved by
the algorithm in this paper.
Moreover, since there are only four subregions in each
processed image, the storage space can be extensively
saved by coding each image. In practice, the data, preprocessed by HMICO on the server, is stored and transferred
using unit 8 for a better implementation and reducing
reconstructing time on the client. We tested our method
on 1935 slices of 129 samples. Results show that the average
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Figure 5: Schematic diagram of ﬁll holes. Notes: the top row presents original image, the ground truth labeled by a radiologist, and the result
of HMICO from left to right. The bottom row shows the result of region growing, the result of ﬁll holes, and the ﬁnal result of our method,
respectively. For this example, the similarity of HMICO segmentation results (including holes) is 58%, while that after ﬁll holes is 84%.

size of the original images is 238.53 K, while the transferred
result of HMICO is 22.18 K on average, which is about onetenth of the original image.
Since the same region will get the same gray value after
preprocessing, the algorithm will always obtain the same segmentation result when the seed is placed inside the ROI,
demonstrating the robustness of our method. This has a considerable advantage, especially for mobile devices operated by
a ﬁnger click on the small screen.
Since the data is preprocessed on the server, the time consumed by RegionGrow on the mobile is less than 0.01 s,
which can be ignored. So, we only compare the computation
time of MICO, LuTA, CV, and Snake on the server, as shown
in Table 3. It can be concluded from Table.3 that the average
execution time of MICO is 1.86 s, the second best, and the
standard deviation is 0.63, which demonstrates the stability
of MICO.
4.5. Unsuitable Scenes. The algorithm does not work when
ROI edges are blurred, or ROI presents a large number of
the cross with other normal tissues, or ROI’s gray level contains much overlapping with neighboring tissues. Figure 6
shows two unsuitable scenes of the algorithm, the top row
is the original image, and the bottom row is the corresponding segmentation result labeled by radiologist.

Table 3: Execution time comparison.
Algorithm
MICO
RegionGrow
LuTA
CV
Snake

Mean
1.86
0
1.35
3.81
2.82

Max
3.05
0.01
27.83
6.21
3.89

Min
0.41
0
0.06
0.79
1.33

STD
0.63
0
3.18
1.28
0.57

5. Conclusions
This paper adopts the modiﬁed hard edge multiplicative
intrinsic component optimization algorithm for the pretreatment of glioma data, and the data are characteristic
of small data volume and simple structure: thus, they can
be excellently applied into a mobile equipment with low
bandwidth, small screen, and limited calculated performance; the algorithm has excellent stability, which allows
the doctors to conduct semiautomatic manual segmentation
in their convenient time, and it is of excellent practical value.
Through analyzing the experiments, compared with
manual segmentation, more than 30% of the sample can
reach 90% similarity; over 60% of the samples can reach
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Figure 6: The scenes of algorithm do not work.

85% similarity, and over 85% of the sample can reach 80%
similarity, especially for the glioma images with a clear
boundary. After being optimized for the glioma image, the
algorithm obtains higher computational eﬃciency with better robustness.
The algorithm performance provided in this paper is
poor for glioma images with a partially blurred edge and
those having a large amount of gray overlapping with other
normal tissues. Other targeted algorithms will be considered
in the future work to solve such problems, and the automatic
decision algorithm should be developed to further reduce the
frequency of manual intervention.
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It is important to identify and prevent disease risk as early as possible through regular physical examinations. We formulate the
disease risk prediction into a multilabel classiﬁcation problem. A novel Ensemble Label Power-set Pruned datasets Joint
Decomposition (ELPPJD) method is proposed in this work. First, we transform the multilabel classiﬁcation into a multiclass
classiﬁcation. Then, we propose the pruned datasets and joint decomposition methods to deal with the imbalance learning
problem. Two strategies size balanced (SB) and label similarity (LS) are designed to decompose the training dataset. In the
experiments, the dataset is from the real physical examination records. We contrast the performance of the ELPPJD method
with two diﬀerent decomposition strategies. Moreover, the comparison between ELPPJD and the classic multilabel classiﬁcation
methods RAkEL and HOMER is carried out. The experimental results show that the ELPPJD method with label similarity
strategy has outstanding performance.

1. Introduction
To identify and prevent chronic diseases as early as possible
is signiﬁcant. Machine learning can discover hidden knowledge from a huge amount of disease-related data. It is feasible
to construct models for prediction of disease risk based on
big physical examinations data. There are two classic types
of classiﬁers for the supervised learning: single-label classiﬁcation and multilabel classiﬁcation, which are based on the
number of class labels of each record. In single-label classiﬁcation, where classes are mutually exclusive by deﬁnition,
each instance is associated with one class label. However,
multilabel classiﬁcation means one instance corresponds to
more class labels. In medical diagnosis, a symptom may
belong to multiple disease types. How to simultaneously predict the risk of several normal chronic diseases remains a
challenging problem.
In this work, we focus on the multilabel disease risk prediction and high accuracy on the prediction results based on
physical examinations. The proposed method is called
ELPPJD (Ensemble Label Power-set Pruned datasets Joint

Decomposition), which transforms the multilabel classiﬁcation into multiclass classiﬁcation by an improved label
power-set method. The pruned technique is used to balance
the size of multilabel combination labels. We present a novel
partition strategy to decompose the training dataset based on
label similarity among labels. A large number of experiments
are conducted to compare with other methods. Empirical
evidences consisting of accuracy, precision, recall, and F
measure indicate that proposed ELPPJD has better performance than others for disease risk prediction based on physical examinations.
The traditional healthcare industry is undergoing a
major paradigm shift due to the rapid advances and developments in mobile and other wireless technologies, which
brings big beneﬁts to the health information management
and prevention of human disease. Based on this work, we
can provide individual health risk self-examination by
developing intelligent mobile applications. Once individual
physical examination outcomes are uploaded, multiple disease risks could be predicted based on these intelligent
mobile applications.

2

2. Related Works
There is plenty of literature that analyzes or predicts the risk
of one single disease at a time. For example, Yeh et al. [1],
Shivakumar and Alby [2], and Neuvirth et al. [3] focused
on diabetes analysis. The models were built for predicting
the cerebrovascular disease [1, 4]. These predictions of single
diseases are formulated into the binary classiﬁcation problems. However, multiple-related diseases may appear simultaneously, where binary classiﬁcation cannot deal with it
eﬀectively. In this work, we focus on formulating multilabel
classiﬁcation to resolve the multidisease risk prediction based
on physical examination records.
Matthew et al. [5] described ﬁrstly the multilabel classiﬁcation and deﬁned the multilabel classiﬁcation tasks in
which some instances belong to multiple classes. Tsoumakas
et al. [6] summarized two multilabel classiﬁcation methods
consisting of algorithm adaptation and problem transformation. The algorithm adaptation methods mean that they can
be adapted, extended, and customized to solve the multilabel
learning tasks based on the basic machine learning algorithms. ADABOOST.MH and ADABOOST.MR [7] are
two extensions of ADABOOST based on boosting. MLKNN is another algorithm adaptation method, which based
on k-Nearest Neighbors (kNN) [8]. ML-C4.5 algorithm also
is an algorithm-adapted method based on C4.5 algorithm by
modifying the formula to calculate entropy. The problem
transformation methods belong to another type of multilabel
classiﬁcation. They transform the multilabel learning problem into a single-label classiﬁcation problem. Here are three
types of classic problem transformation methods: binary relevance (BR), label power-set (LP), and pair-wise. Binary relevance uses the one-against-all idea to convert the multilabel
problem into L binary classiﬁcation problems, where L
denotes the size of label set [9]. However, BR suﬀers from
the label independence assumption, and it fails to utilize
any relationships between labels. Label power-set methods
[9] transform a multilabel problem into a single-label problem by transforming each instance’s label set Si to an atomic
label li′. For example, the multilabel set a,c,d would become a
single label acd. LP overcomes the label independence
assumption problem, but would suﬀer the worst-case time
complexity when the size of single label-set is large. Pairwise methods [10] use round robin classiﬁcation with binary
classiﬁers to solve the multilabel problem. It constructs
Q.(Q-1)/2 classiﬁers to cover all pairs of labels, which adopt
the majority voting algorithm to combine all the classiﬁers.
There are some improved methods proposed in some literatures. Read et al. [11] presented a Pruned Sets method (PS),
which focuses on core relationships within multilabel sets
through pruning labels that occur less than a predeﬁned
number of times. This method would reduce the complexity
to deal with a large number of infrequent sets. Random klabel sets (RAkEL) is an ensemble method, which constructs
each base classiﬁer by considering a small random subset of
labels and learning a single-label classiﬁer for the prediction
of each element in the power-set of this subset [12]. HOMER
[13] is another extended label power-set method, which
constructs a hierarchy tree of label sets. Every node would
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Table 1: Multilabel physical examination records description.
Records
r1
r2
r3
…
rm

Disease a

Disease b

∗
∗

Disease c

Disease d

∗

∗

∗
∗

∗

∗

∗

∗

∗ points out the diseases each physical examination record is associated with.

produce a classiﬁer in the hierarchy tree. In RAkEL and
HOMER methods, multiple classiﬁers are constructed.
Classiﬁer chains ensemble method is used for classiﬁcation
and prediction, where the ﬁnal prediction is obtained by
summing the predictions by label and applying threshold
for selecting the relevant labels [14]. Madjarov et al. [15]
presented an extensive experimental comparison, which
use 12 multilabel learning methods on 16 evaluation measures over 11 benchmark datasets.
In summary, diﬀerent multilabel learning methods have
merits and demerits, which depend on speciﬁc applications.
It still remains a challenging problem to accurately and eﬃciently predict the health or disease risks based on the medical records. This work is an extension of work originally
presented in conference 2016 BIBM [16]. A multilabel classiﬁcation method MLP-TJC was proposed. However, it gives
poor prediction accuracy for the infrequent multilabel classes
and also lacks comprehensive evaluations. In this work, we
improve the previous multilabel method and develop a novel
ensemble method ELPPJD. In the experiments, we expand
the numbers of single labels and combination labels. We also
compare the ELPPJD with other outstanding multilabel classiﬁcation methods.

3. Problem Statement
An example of multilabel physical examination records is
shown in Table 1. The disease risk prediction is formulated
into a multilabel classiﬁcation problem. Given a set of m
medical records D = r 1 , …, rm , with ri, i = 1, …, m, and a
set of n disease labels L = l1 , …, ln , with lj, j = 1, …, n,
denoting one type of disease, each record in D is associated
with one or more disease labels in L. The problem of multilabel disease classiﬁcation can be represented by a tuple of
(ri, Si), where Si is the class label for record ri. Si is a subset of L, which denotes Si ⊆ L. Our objective is to construct
a classiﬁcation model to predict the disease label Si′ for
every new physical record r i′.

4. An Ensemble Multilabel Classification
Method
We propose a novel ensemble multilabel classiﬁcation
method ELPPJD (Ensemble Label Power-set Pruned datasets
Joint Decomposition) for the disease risk prediction based on
the physical examination records. It transforms a multilabel
classiﬁcation problem into a multiclass classiﬁcation
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Reassemble examples v2
New set of labels (L′)

Original set of labels (L)

A

B

A

B

AB

AC

𝜙

C

C
BC

ABC

Figure 1: Enumeration for reassembling labels.

Table 3: Example of label combination.
Input: D, L
Output: D′
1: //Initialization
2: for j = 1 to D do
3:
for i = 1 to L do
4:
T ji = 0
5:
end for
6: end for
7: //Combination:
8: for j = 1 to D do
9:
for i = 1 to L do
10:
if Dj is associated with Label i then
11:
T ji = 1
12:
end if
13:
end for
14: end for
15: return D′ // consisting of records (Dj, Tj)
Algorithm 1: Combination label transformation.

Table 2: Variable parameters denotation.
Notation
D
L
D′
Tji
li
D(li)
Tv
PS
H
S
t
k
LC

Denotation
The training dataset
Set of class labels
The dataset associated with the combination labels
The association for the jth record to ith label, the value is
0 or 1
The ith label item in L
Datasets associated with class label li
Threshold for infrequency records
Training sub datasets by decomposition
A Hash function H(k, val), where k is class labels and val
is the size of k set
The similarity matrix
The similarity threshold
The number of label sets
The partition of label sets

problem. The idea comes from the classic label power-set
(LP) method, which overcomes the label independence problem and takes the correlation among labels into account.
However, LP suﬀers two fatal weaknesses. One is the

Physical records
r1
r2
r3
…
rm

Combination labels
acd
ab
bc
…
bcd

Table 4: Example of label decomposition.
Physical records
r1

Combination labels
acd

Decomposition labels
ac
ad
cd

overwhelming time complexity with the increase of the size
of label set. The other is the imbalance problem caused by
new label sets produced in problem transformation. Pruned
datasets and joint decomposition methods are proposed to
reduce complexity of the target label set and to deal with
the imbalance learning problem.
4.1. Multiclass Problem Transformation. There are two steps
for transforming the original multilabel classiﬁcation problem into a multiclass classiﬁcation problem. First, we get
the combination of all the single labels to form a label set L,
L = l1 , l2 , …, ln . We use the full enumeration method to
reassemble L into L′, where L′ includes all subsets of L. Here,
each subset denotes a multilabel class label. As an example,
the full enumeration method is illustrated in Figure 1.
Second, we map each original record by associating it with
a new label in L′. Algorithm 1 gives the combination label
transformation. The notations are described in Table 2. Here,
L′ is min D , 2 L , where 2 L can be calculated by
C 0n + C 1n + ⋯ + C nn , D is the training dataset, and n denotes
the number of the single class labels. It should be noted that
we focus on the normal chronic diseases, and the number
of single diseases is less than 10. Table 3 describes the combination of labels from Table 1. After the above two steps, the
original multilabel classiﬁcation problem is transformed into
a multiclass classiﬁcation problem.
4.2. Pruned Datasets and Joint Decomposition. We design a
pruned dataset method to balance the infrequent label sets.

4
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Input: D, L, T v
Output: PS
1: function DECOMPOSEDATASETS D, L, T v
2:
H ← INITIALIZE L, hash
3:
m ← MaxLen H k
4:
Get L′ where Len l′ = m
5:
while Sizeof D l′ < T v do
6:
s←1
7:
for j = 1, j < L′ , j + + do
8:
if Sizeof D lj < T v then
9:
H ← DECOMPOSELABEL D, L′, m, H
10:
end if
11:
end for
12:
m ← MaxLen H k
13:
Get L′ where Len l = m
14:
s+ +
15:
T v ← sT v
16:
end while
17:
for k ∈ H do
18:
Partition sub-datasets by val(H.k) and create PS
19:
end for
20:
return PS
21: end function
22: function INITIALIZE D, L
23:
for li ∈ L do
24:
Sort li into descending order by the length of label
li
25:
k ← li
26:
val ← Sizeof D li
27:
Create HashTable hash k, val
28:
end for
29:
return hash
30: end function
31: function DECOMPOSELABEL D, L, n, Hash
32:
for l ∈ L where Len l = n do
33:
//where n is calculated by C n−1
n
34:
Decompose l into n labels
35:
Insert new labels into H and update it
36:
end for
37:
for record d l ∈ D l do
38:
Copy dl n times for decomposition labels
39:
Update Hash
40:
end for
41:
return Hash
42: end function
Algorithm 2: Decomposition of datasets.

First, we present a threshold to distinguish infrequent label
sets from frequent ones for class label records. The records
associated with one class label whose size is less than the
threshold are decomposed. Table 4 gives an example of
decomposition. Whenever a decomposition operation is executed, the length of the associated combination class label is
decreased by one. Meanwhile, the size of all novel class labels
would be added to the size of old combination class label. The
decomposition is repeated iteratively until all records are frequent, which is described in Algorithm 2, where variable
notations are listed in Table 2. Because the threshold would
impact the prediction result, it should be traded oﬀ between
the correctness and accuracy.

To solve the imbalance learning problem, a subset partition method is proposed based on new pruned training datasets. In this work, we present two diﬀerent strategies. The ﬁrst
one emphasizes the size balance of diﬀerent class. According
to the size of each class label set, the whole training dataset is
divided into two or more subsets which are disjoint. The subset partition is described as following. Given a training
M
dataset T, T = X m , Ŷ m m=1 , where X m ∈ χ ⊂ Rn is the
input vector, χ is the set of training inputs, Ŷ m ∈ Z ⊂ RK
is the desired output, Z is the set of desired outputs,
and M is the total number of training datasets. Here,
N
χj ∩ χk = ϕ, ⋃j=1i χj = χ, with j, k = 1, Ni, and j ≠ k. χi are
the new partition subsets, and Ni is constant, which is
determined manually according to all the size of class sets.
The second strategy for subset partition focuses on the
disjoint of multiclass labels. The idea aims to divide similar labels into diﬀerent classiﬁers. First, we calculate the
similarity between any two labels. Given a similarity
threshold Ts, labels would be divided into diﬀerent clusters, where labels satisfy the criterion that the similarity
is less than the threshold in the same label cluster. An
example is given in Figure 2. There are ﬁve single class
labels to produce 32 multiclass labels. Based on the similarity to perform the subset partition, which is presented
in Algorithm 3, 13 labels are formed at last. Here, the similarity threshold is 1/2, which denotes the ratio of the
same label number and the maximal label number between
two labels.
At last, based on each partitioned training sub dataset,
a classiﬁer is constructed separately. Then, it forms several
classiﬁers whose number equals the number of sub datasets. In the prediction, the voting mechanism is adopted
to determine the prediction result. The class label which
gains the highest prediction probability is the ﬁnal prediction class label.
4.3. Evaluation Metrics. The evaluation of models in multilabel learning needs a special approach because the performance over all labels should be taken into account. In this
work, Avg accuracy, precision, recall, and F1 metrics given
in (1) are used to evaluate performance of diﬀerent classiﬁcation models. Here TPi, TNi, FPi, and FNi are true postive, true negative, false positive, and false negative,
respectively. The Avg accuracy gives the average per-class
eﬀectiveness for one classiﬁer. Precisionmicro denotes the
agreement of the data class labels predicted with those of
a classiﬁer calculated from sums of prediction. Recallmicro
is the eﬀectiveness of a classiﬁer to identify class labels calculated from sums of actual records. F1micro denotes relationships between the positive labels and those given by
a classiﬁer based on sums of actual records. Precisionmacro
means an average per-class agreement of the data class
labels with those of a classiﬁer given. Recallmacro is an
average per-class eﬀectiveness of a classiﬁer to identify
class labels. F1macro gives the relationships between the
positive labels and those given by a classiﬁer based on a
per-class average. Given a confusion matrix, these metrics
can be computed using the following:
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Label partition
N, ab,
cd, ace,
bde

N, ad,
bc, cde

N, a, b, c,
d, e, abc,
ade

N, ac, bd,
abe, bcd
N, ae,
abd, bce

N, abde
a,b,c,d,e

N, acde

N, bcde

N,
abcde

N, be,
acd
N, de,
abce

N, de,
ace

N, ce,
abcd

Figure 2: Example of label sets partition.
l

〠 TPi + TNi / TPi + FPi + TNi + FNi
Avg accuracy = i=1
l
l
〠i=1 TPi
Precisionmicro = l
〠i=1 TPi + FPi
l

Recallmicro =
F1micro =

〠i=1 TPi
l

〠i=1 TPi + FNi
2Precisionmicro Recallmicro
Precisionmicro + Recallmicro
l

〠 TPi / TPi + FPi
Precisionmacro = i=1
l
l

〠 TPi / TPi + FNi
Recallmacro = i=1
l
2Precisionmacro Recallmacro
F1macro =
Precisionmacro + Recallmacro
1

5. Experiments
5.1. Datasets. The real datasets were provided by a medical
center. There are 110,300 records of anonymous examination
records which include 62 examination items consisting of the
basic physical examination items, blood routine examination, liver function test, as well as the diagnosis results
marked by the physicians. In this experiment, we focus on
6 normal chronic diseases. They are hypertension, diabetes,
fatty liver, cholecystitis, heart disease, and obesity.
We adopt label cardinality (LC) and label density (LD) to
describe the datasets. Label cardinality of dataset D, denoted
by LC(D), is the average number of labels of the records in D,
which is used to quantify the number of the alternative labels.
The label density of dataset D, denoted by LD (D), takes into
consideration the number of labels in the classiﬁcation problem [9]. They are deﬁned in (2), where D denotes the dataset
of the physical examination records, D is the size of the
dataset D, and Y i is the number of labels for the ith physical
record. L denotes the size of the label set L. Table 5

Input: L, t
Output: k, LC
1: function LABELSETSPARTITION L, t
2:
S ← INITSIMILAR L, S
3:
k←1
4:
while L <> NULL do
5:
for p = 1, p < L , p + + do
6:
if n = 0 then
7:
LCk ← lp
8:
end if
9:
n ← Sizeof LCk
10:
for q = 1, q < n, q + + do
11:
m←0
12:
if Spq > t then
13:
m+ +
14:
end if
15:
end for
16:
if m == 0 then
17:
LCk ← LCk ⋃lp
18:
end if
19:
n+ +
20:
delete lp from L
21:
end for
22:
k+ +
23:
end while
24:
return LC
25: end function
26: function INITSIMILAR L, S
27:
for i = 1, i < L , i + + do
28:
for j = 1, j < L , j + + do
29:
Sij ← Sim Li , Lj
30:
end for
31:
end for
32:
return S
33: end function
Algorithm 3: Label sets dividing algorithm.

summarizes the training dataset. It includes the number of
records, the number of attributes, and the number of labels,
the label cardinality, and the label density. There are two columns for the number of labels. Here, the number of single
labels is 6 and the number of combination labels is 64.
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Table 5: Description of the multilabel training dataset in the experiments.

Data sets
Physical records

Records
Training
Test
99,270
11,030

Attributes

Single labels

Combination labels

Label density

Label cardinality

62

6

64

0.336

2.015

D

LC D =

1
〠Y
D i=1 i
D

1
Y
LD D =
〠 i
D i=1 L

2

5.2. The Basic Classiﬁcation Algorithms. In the experiments,
we use three basic classiﬁcation algorithms, support vector
machines (SVM), random forest (RF), and C4.5, to construct
classiﬁers to evaluate the ELPPJD method and compare it
with other multilabel classiﬁcation methods. These classiﬁcation algorithms are brieﬂy described in this section.
Support vector machines (SVM) construct a hyperplane
for linear classiﬁcation or set of hyperplanes in an inﬁnitedimensional space for nonlinear classiﬁcation. Suppose that
an input x can be mapped into some other space of diﬀerent
high dimensionalities. Then, the maximum margin algorithm can be used to construct a separating hyperplane in
the new feature space k xi , xj = ϕ xi · ϕ xj . The SVM learning algorithm ﬁnds a hyperplane (w, b) such that the quantity
γ min yi <w, ϕ xi > −b is maximized, where <,> denotes
i

an inner product, the vector w has the same dimensionality
as ϕ, b is a real number, and γ is called the margin.
Random forest (RF) combines multiple individual tree
decisions to improve prediction accuracy. It was proposed
ﬁrst by Leo Breiman and Adele Cutler [17]. RF consists of
multiple classiﬁcation and regression trees (CART). For
every CART, the training datasets are sampled randomly
from the total training datasets with replacement, and features are sampled randomly from the total features without replacement. Assuming the total number of features
is M, then the number of sample features can be close
to M, 1/2 M, or 2 M. RF can be presented as follows:
h x, ϕk , k = 1, … , where ϕk are independent, identically
distributed random vectors, and each tree casts a unit vote
for the most popular class at input x.
C4.5 decision tree classiﬁcation is an algorithm developed
by Ross Quinlan [18]. It builds decision trees from a set of
training datasets using the concept of information entropy.
At each node of the tree, C4.5 chooses the attribute of the
data that most eﬀectively splits its set of samples into subsets in one class or the other. The splitting criterion is the
normalized information gain. The attribute with the highest normalized information gain is chosen to make the
decision. The C4.5 algorithm then recurs on the smaller
subsets.
5.3. Experiment Setup. The preprocessing of original datasets
consists of data cleaning, integration, and transformation,
which are conducted by SQL query, MATLAB, and Python,
respectively. The experiment platform is based on a CentOS-

64 bits Intel (R) Xeon (R) CPU E5-2620 virtual machine with
4 processors and 64GB memory.
In ELPPJD method, we carry out pruning operation
based on the original 64 combination labels dataset and
53 labels are retained. Two subset partition strategies size
balanced (SB) and label similarity (LS) are deployed separately. They are denoted by ELPPJD_SB and ELPPJD_LS
in the experimental outcome. ELPPJD_SB decomposes the
training dataset into 6 subsets, and ELPPJD_LS decomposes
it into 8 subsets. We compare ELPPJD with the two outstanding multilabel classiﬁcation methods named RAkEL and
HOMER [15] based on the original training dataset, which
includes 110,300 records and 64 combination labels. SVM,
RF, and C4.5 are used as the basic multiclass classiﬁcation
algorithms. ELPPJD are carried out based on LIBSVM with
radial basis function (RFB). RAkEL runs at C4.5 classiﬁer
based on MEKA. HOMER is executed based on MULAN
open source algorithms, where RF is the basic classiﬁcation
algorithm. The results of experiments are given in Figure 3,
Tables 6–10.
5.4. Results and Discussion. Figure 3 shows the selection of the
optimal parameters for training models in LIBSVM. Two
hyperparameters, regularization parameter c and a kernel
parameter g, are tuned by a two-step grid search. First, it is
a coarse search. log2 c ∈ −2, …, 15 and log2 g ∈ −10, …, 2
are the range of variable parameters with a step of one. There
are a total number of 234 combinations of c and g pairs tuned.
An optimal pair (c, g) is obtained whose value is (15, −9).
Second, a ﬁne grid searching is conducted around (c, g).
log2 c ∈ 14, …, 15 and log2 g ∈ −10, …, −8 with a step of
0.2. Lastly, the ﬁnal optimal hyperparameter pair (15, −9) is
given and the most accuracy rate is 84.734%. Figures 3(a)
and 3(c) give the comparison of ELPPJD_SB and
ELPPJD_LS. The results show that ELPPJD_LS gives higher
accuracy rate. Table 10 gives further description.
In the experiments, the confusion matrices are used to
evaluate the performance of ELPPJD. Based on the result
of each prediction, we obtain confusion matrices. When we
use ELPPJD_LS, the original physical dataset is decomposed
into 8 sub training datasets. Table 7 shows one ELPPJD_LS
outcome, where the sub training dataset consists of 10,828
records and 7 multilabel classes. Label set L = 001011, 0011
00, 010010, 100001, 100110, 111000, 111111 . We evaluate
the performance of ELPPJD_LS using the evaluation metrics
presented previously in the subsection of evaluation measures, which is given in Table 10.
Random forests as the basic classiﬁer are used to evaluate
RAkEL method. We tune the optimal parameters to trade oﬀ
the performance and resource costs in the RF algorithm. We
consider two parameters: max features and n_estimators.
Max features denotes the maximum number of features
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Best log2 (C) = 15.0 log2 (Gamma) = ‒9.0 Accuracy = 84.734%

Accuracy = 84.734%

C = 32768.0 Gamma = 0.001953125

C = 32768.0 Gamma = 0.001953125
2
0
‒4
‒6
‒8
‒10

‒9.5
log2 (Gamma)

‒2

‒9
‒8.5

‒12
‒14
‒5

0

5

10

14

15

14.2

log2 (C)
84.5
84

83.5
83

‒10

14.4
14.6
log2 (C)

‒8
15

83.5

84.5
84

82.5
82

14.8

log2 (Gamma)

Best log2 (C) = 15.0 log2 (Gamma) = ‒9.0

(b) The ﬁne grid search for ELPPJD_LS

(a) The coarse grid search for ELPPJD_LS

Best log2 (C) = 15.0 log2 (Gamma) = ‒8.0 Accuracy = 48.6431%
C = 32768.0 Gamma = 0.00390625

‒8

‒9
‒9.5

13

13.5

14

log2 (Gamma)

‒8.5

‒10
15

14.5

log2 (C)
48.5
48

47.5
47

46.5
46

(c) The grid search for ELPPJD_SB
Figure 3: Optimal hyperparameters selected in LIBSVM.

where RF is allowed to try in an individual tree. n_estimators
represents the number of trees we want to build. In this
experiment, we run random forest on one of the sub training
datasets to select the optimal parameters. The averages of
accuracy, out of bag errors and time cost are obtained by
changing the numbers of selected features and trees.
Table 6 shows that accuracy improves with the increase of
the number of trees. However, the time cost grows with the
increase of selected features. We consider the accuracy as
the primary goal, so the tuple of (15, 80) is chosen as the optimal parameters, which means each RF classiﬁer selects randomly 15 random features and produces 80 trees.
Multilabel classiﬁcation method RAkEL and HOMER
are used to compare with the proposed ELPPJD. In the
experiments, RAkEL and HOMER run at the original physical dataset, which includes 110,300 records and 64 multilabel
classes. The number of single labels is 6. The basic classiﬁer is
C4.5 for RAkEL and RF for HOMER. The parameters are
described as following: We tune parameter pair (k,m) in

RAkEL, where k is the number of selected single labels and
m is the number of combination labels. We select three pairs
which consist of (3,15), (4,10), and (5,4). Here, when 3 single
labels are selected randomly from the label set, the total number of label combination is 20. We select 15 combination
labels to form the training dataset and so on for other
two (k, m) pairs. Table 8 gives the outcomes with respect
to diﬀerent parameter pairs denoted by RAkEL_k3_m15,
RAkEL_k4_m10, and RAkEL_k5_m4. It shows that
RAkEL_k3_m15 gives better performance, and it is chosen
to compare with ELPPJD in Table 10. In HOMER, parameter k denotes the number of child nodes on the ﬁrst layer.
k < L , and here the size of single label set L = 6. The
basic classiﬁer is RF, where max features and n_estimators
are set by 15 and 80. The comparison of diﬀerent k is presented in Table 9.
Table 10 shows the performance comparison of ELPPJD with RAkEL and HOMER based on our training
dataset for disease risk prediction. First, the results show
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Table 6: Random forest classiﬁer parameter tuning on partition training subsets.

NumFeatures
10
10
10
10
15
15
15
15
15
15
15
20
20
20
30
30
40
40
40

NumTrees
30
40
50
60
30
40
50
60
70
80
100
30
50
70
40
60
40
50
60

Accuracy
0.9116
0.9118
0.9126
0.9136
0.9175
0.9167
0.9185
0.9185
0.9195
0.9197
0.9185
0.9150
0.9189
0.9186
0.9173
0.9170
0.9190
0.9195
0.9202

Out of bag error
0.1483
0.1473
0.1466
0.146
0.1394
0.1387
0.138
0.1377
0.1373
0.1373
0.1369
0.137
0.1354
0.1346
0.1347
0.1342
0.1343
0.1338
0.1334

Time out(s)
2.22
2.94
3.78
4.51
2.88
3.88
4.99
5.84
6.84
7.83
9.99
3.69
6.25
8.76
7.27
10.93
9.09
11.36
13.84

Table 7: Confusion matrix of ELPPJD_LS based on LIBSVM.

Real class

001011
001100
010010
100,001
100,110
111,000
111,111

001011
4048
24
22
63
0
0
15

001100
105
2622
97
3
30
22
0

010010
61
167
407
7
16
26
6

Prediction
100,001
127
8
2
1038
7
3
19

100,110
4
79
5
31
707
10
1

111,000
2
66
30
4
19
374
6

111,111
89
33
7
36
0
5
405

Table 8: RAkEL parameters tuning.
Metrics
Avg accuracy
Precisionmicro
Recallmicro
F1micro
Precisionmacro
Recallmacro
F1macro

RAkEL_k3_m15
0.583
0.543
NaN
0.744
NaN
NaN
0.575

that ELPPJD_LS has better performance than ELPPJD_SB.
They all adopt pruning and decomposition method to
solve the imbalance problem. The diﬀerence between
ELPPJD_LS and ELPPJD_SB is that the former takes the
similarity between labels into account to decompose the
training dataset. Second, ELPPJD_LS gives outstanding
performance at almost all the metrics than RAkEL and

RAkEL_k4_m10
0.484
0.544
NaN
0.689
NaN
NaN
0.578

RAkEL_k5_m4
0.547
0.577
NaN
0.712
NaN
NaN
0.558

HOMER. The average accuracy reaches 88.59%, which is
a good result in multilabel classiﬁcation.

6. Conclusion
We developed an Ensemble Label Power-set Pruned datasets
Joint Decomposition (ELPPJD) method to solve the

Journal of Healthcare Engineering

9
Table 9: HOMER parameters tuning.

Metrics
Avg accuracy
Precisionmicro
Recallmicro
F1micro
Precisionmacro
Recallmacro
F1macro

HOMER_RF_k2
0.4755
0.5483
0.758
0.6363
0.5337
0.7442
0.5957

HOMER_RF_k3
0.5043
0.5987
0.7761
0.6759
0.6042
0.7688
0.6489

HOMER_RF_k4
0.5079
0.6336
0.7030
0.6665
0.596
0.6706
0.6070

HOMER_RF_k5
0.5152
0.6639
0.6767
0.6702
0.6045
0.6409
0.5936

HOMER_RF_k6
0.5128
0.6694
0.6639
0.6666
0.6125
0.6318
0.5927

Table 10: Performance evaluation for diﬀerent multilabel methods.
Metrics
Avg accuracy
Precisionmicro
Recallmicro
F1micro
Precisionmacro
Recallmacro
F1macro

ELPPJD_SE
0.516
0.516
0.516
0.516
0.52
0.5046
0.5122

ELPPJD_LS
0.8859
0.8859
0.8859
0.8859
0.8082
0.8603
0.8334

RAkEL_C4.5
0.583
0.543
NaN
0.744
NaN
NaN
0.575

multilabel classiﬁcation problem for the disease risk prediction. First, we transform the multilabel classiﬁcation problem
into a multiclass classiﬁcation problem. Then, we propose the
pruned datasets and joint decomposition methods to deal
with the imbalance learning problem. Two strategies are
designed to decompose the training dataset. Experiments
are conducted to evaluate the performance of the ELPPJD
method. We adopt the 10-fold cross-validation and the metrics consisting of average accuracy, precision, recall, and Fmeasure. The training dataset includes 62 exam items and
110,300 anonymous patients, 6 types of single diseases, and
64 combination diseases. We contrast two decomposition
strategies in ELPPJD. We also compare ELPPJD with two
multilabel classiﬁcation methods RAkEL and HOMER.
Results from the experiments show that ELPPJD_LS not only
gives better performance than ELPPJDJSB but also outperforms the other two widely used multilabel methods.
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The healthcare industry has generated large amounts of data, and analyzing these has emerged as an important problem in recent
years. The MapReduce programming model has been successfully used for big data analytics. However, data skew invariably occurs
in big data analytics and seriously aﬀects eﬃciency. To overcome the data skew problem in MapReduce, we have in the past
proposed a data processing algorithm called Partition Tuning-based Skew Handling (PTSH). In comparison with the one-stage
partitioning strategy used in the traditional MapReduce model, PTSH uses a two-stage strategy and the partition tuning method
to disperse key-value pairs in virtual partitions and recombines each partition in case of data skew. The robustness and
eﬃciency of the proposed algorithm were tested on a wide variety of simulated datasets and real healthcare datasets. The results
showed that PTSH algorithm can handle data skew in MapReduce eﬃciently and improve the performance of MapReduce jobs
in comparison with the native Hadoop, Closer, and locality-aware and fairness-aware key partitioning (LEEN). We also found
that the time needed for rule extraction can be reduced signiﬁcantly by adopting the PTSH algorithm, since it is more suitable
for association rule mining (ARM) on healthcare data.

1. Introduction
Healthcare is a highly data-intensive industry where data
are driven by record keeping, compliance and regulatory
requirements, and patient care [1]. These diverse data
include radiology images, clinical records, human genetics
records, and population data genomic sequences. The use
of big data analytics in healthcare oﬀers many attractive
opportunities while posing signiﬁcant challenge. However,
traditional data processing and analytical algorithms cannot
satisfy the requirements of big healthcare data and cloud
computing. Fortunately, advances in data management, particularly such parallel computational models as MapReduce,
can be applied to process and analyse diverse and largescale datasets. However, big data are so large and complex
that they cannot be managed under traditional methods.

For example, when using association rule mining (ARM)
on MapReduce, algorithms must extract the necessary
information from big data in a timely manner. MapReduce
is a powerful and cost-eﬀective tool for massively parallel
analytics. It can distribute data and computational tasks to
thousands of cheap physical nodes, hence providing massive
storage capacity and parallel computing capabilities [2].
MapReduce is a programming model that allows the easy
development of scalable parallel applications to process
big data on large clusters of commodity machines [3]. A
MapReduce job typically runs in two main phases: a map
phase and a reduce phase. In each phase, distributed tasks
process datasets on a cluster of computers. When a map task
is completed, the reduce tasks are notiﬁed to pull newly available data. This transfer process is referred to as a shuﬄe. All
map tasks must be completed before the shuﬄe part of the
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reduce phase to allow the latter to complete. We consider a
case where computational load is unbalanced among map
tasks or reduce tasks. We call such an unbalanced situation
map skew or reduce skew, respectively. Skew can lead to longer job execution times and lower cluster throughput, thus
aﬀecting the performance of MapReduce. Kwon et al. [4]
analysed the types of skew that arises in a variety of MapReduce applications but did not provide a relevant solution to
unbalanced partitioning in the reduce phase. Ibrahim et al.
designed the LEEN algorithm [5] to determine the corresponding partition of a map output based on the frequency
of key-value pairs. When a large amount of data and keys
are unevenly distributed, data skew may occur, resulting in
an unbalanced input of reduce tasks. Xu et al. [6] focused
on presampling partitioning strategy to deal with unbalanced
partitioning in the reduce phase. However, when dealing
with massive amounts of data, the sampling overhead
incurred by this strategy is high and aﬀects the performance
of MapReduce. Ramakrishnan et al. [7] proposed techniques
to split each key with a large record size into subkeys to allow
for a more even distribution of workload among reducers.
However, it requires waiting until all map tasks are completed to gather partition size information before reduce
tasks can begin.
Lin [8] found that using the default hash partitioning
method, nearly 92% of reduce tasks yielded data skew, and
the running time of reducers was 22% to 38% higher in
general than normal tasks. Hence, we focus on reducing skew
and trying to improve the partitioning method in the shuﬄe
phase. Guﬂer et al. [9] proposed a one-stage partitioning
method called “Closer,” which depends on the sampling
information of the distribution. It divides the skew partitions
and recombines them to attain a balance. The diﬃculty of
this method is in dividing the skewed partitions properly,
and the amount of time needed can seriously aﬀect performance. The one-stage partitioning strategy involves the use
of only the hash/range function to divide tuples in the map
phase and randomly assigns partitions to the corresponding
reducer. This strategy can achieve balance in each reducer,
but for skewed data, the default partition method ﬁnds it
diﬃcult to balance the data for one-time uniform division.
Considering this issue, we want to use a two-stage strategy
to divide the map output into ﬁne-grained partitions and
recombine them based on global output information to
disperse skewed data. In this paper, we propose a data
processing algorithm called Partition Tuning-based Skew
Handling (PTSH) to address the problem. First, we ﬁrst
use a virtual partitioning method to divide the original
partitions into ﬁne-grained partitions and collect realtime stats regarding the data size of each partition. Second,
the partitioning information of the map task is extracted
and the corresponding index sent to the reduce tasks for
repartition. Finally, the repartitioning process divides the
collected virtual partitions into new partitions of the same
number as the reduce tasks. The main contributions of the
paper lie on the following:
(1) Based on a two-stage partitioning strategy, we
propose a partition tuning method to divide skewed

partitions into ﬁne-grained partitions and use a
repartition method to solve the problem of unbalanced data division. As partitioning is an NP-hard
problem, we propose a repartition algorithm, which
can eﬀectively balance skewed partitions.
(2) We conducted several experiments on simulated
datasets and real datasets. Compared with one-stage
strategies, the results showed that our method could
eﬀectively mitigate data skew in MapReduce jobs
and improve eﬃciency.
(3) A case study of ARM for real healthcare data was
carried out on MapReduce. Combining an Apriori
algorithm and PTSH, it could balance the data distribution of reduce tasks and improve the eﬃciency of
ARM on healthcare data.
The rest of this paper is organized as follows: We report
the background for this study in Section 2 and present the
proposed PTSH approach in Section 3. The performance
evaluation of PTSH and the case study are reported in
Section 4, and we draw our conclusions and provide suggestions for future work in Section 5.

2. Background
In this section, we provide the background for the
MapReduce programming model, data skew in ARM on
MapReduce, and the partition skew problem therein that
motivates our study.
2.1. MapReduce Programing Model. MapReduce automatically parallelizes and executes a program on a large cluster
of commodity machines. It works by breaking processing
into two phases, the map phase and the reduce phase. Each
phase has key-value pairs as input and output, the types of
which may be chosen by the programmer. The map and
reduce functions of MapReduce are both deﬁned with respect
to data structured in (key, value) pairs. The computation
takes a set of input key-value pairs and produces a set of
output key-value pairs. The map and reduce functions in
Hadoop [10] MapReduce have the following general form:
map: k1 , v1 → list k2 , v2
reduce: k2 , list v2 → list v2

1

When a MapReduce job starts, the map invocations are
distributed across multiple machines through the automatic
partitioning of input data into a set of splits. As shown in
Figure 1, the map tasks take input splits as inputs and generate a sequence of key-value pairs called intermediate data. A
partitioning function (by default, hash(key) mod R) is then
used to divide the intermediate data into several partitions
and distribute them across reduce tasks. This transfer process is called a shuﬄe. In the reduce phase, each reduce task
processes the input intermediate data by the reduce function
and generates output data.
In this study, we focus on the shuﬄe process in the
MapReduce programing model because data skew invariably
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Figure 1: MapReduce programing model.

occurs in this period and seriously aﬀects the performance
of MapReduce.
2.2. Data Skew in ARM on MapReduce. Data mining is the
computational process of discovering patterns in large
datasets involving methods at the intersection of artiﬁcial
intelligence, machine learning, statistics, and database systems. The overall goal of the data mining process is to extract
information from a dataset and transform it into an understandable structure for further use. Data mining nowadays
has become popular in healthcare because of the need for
an eﬃcient analytical methodology to detect unknown and
valuable information in healthcare data [11]. Association is
one of the most vital approaches to data mining used to
determine frequent patterns and other interesting relationships among a set of data items in a repository. Association has a signiﬁcant impact on healthcare in detecting
relationships among diseases, patient statuses, and symptoms. Ji et al. used association to discover infrequent causal
relationships in electronic healthcare databases [12]. Patil
et al. [13] used an Apriori algorithm to generate association
rules to classify patients suﬀering from type 2 diabetes.
Abdullah et al. [14] proposed a modiﬁcation in an existing
Apriori algorithm to add information to medical bills.
Eﬃciency is the most important factor in association
mining. Parallel algorithms for ARM are not suitable for
high-dimensional and large amounts of data because they
are susceptible to data placement problems, which lead to
skew [15]. For MapReduce, data skew is an important problem adversely aﬀecting load balancing in ARM algorithms. It
partitions the dataset horizontally in blocks of equal size.
However, the number of frequent itemsets generated from
each block can be heavily skewed, that is, while one block
may contribute many frequent itemsets, another may have
very few, implying that the processor responsible for the
latter block is idle most of the time. Another kind of data
skew occurs if itemsets are frequent in many blocks, or if they
are frequent in only a few blocks. Hence, the algorithm for
ARM needs good load balancing.

2.3. Partitioning Skew in MapReduce. In a MapReduce
application, the outputs of map tasks are distributed among
reduce tasks via hash partitioning (by default). In the map
phase, the hash partitioning usually takes a hash function
hash key%R to determine the partition number corresponding to each type of key-value pair, where R is the number of
reduce tasks. The hash function is usually adequate to evenly
distribute the data. However, if the outputs are not evenly
distributed, hash partitioning may fail with skewed data. This
phenomenon is referred to as partitioning skew. For example,
in the Inverted Index application, the hash function may
partition intermediate data based on the ﬁrst letter of a word;
reducers processing more popular letters are assigned a
disproportionate amount of data. Partitioning skew can
occur for the following reasons [16]:
(1) Skewed tuple sizes: The sizes of values in applications vary signiﬁcantly, which can lead to uneven
workload distribution.
(2) Skewed key frequencies: Some keys occur more frequently in intermediate data, causing reduce tasks that
process these popular keys to become overloaded.
(3) Skewed execution times: Processing a single, large
key-value pair may require more time than processing multiple small pairs. Even when the partitioning
function perfectly distributes keys across reducers,
the execution times of reduce tasks may diﬀer simply
because the key groups they are assigned contain
signiﬁcantly more values.
For skewed execution times, we can use domain knowledge when choosing the map output partitioning scheme if
the reduce operation is expensive [17]. However, we focus
on the other two reasons for signiﬁcantly longer job execution times that aﬀect the performance of MapReduce.
Motivated by the limitations in existing solutions, we use
the partition tuning method to disperse key-value pairs
in virtual partitions and recombine each virtual partition
in case of data skew.

4

3. Partitioning Turning-Based Skew
Handling Approach
Based on the virtual partition in the map phase, the repartition in the reduce phase recombines the virtual partitions
into new partitions to ensure that the number of reduce
tasks is equal to the ﬁnal number of new partitions. Meanwhile, the size of new data in each partition maintains a
certain balance.
3.1. Virtual Partitioning in Map Phase. After all map tasks
are completed, all key-value pairs are sorted by partition
number. Inside the partition, all key-value pairs are sorted
following the key order. When dealing with large-scale
datasets, the output data generated by each map task usually
occupy a large amount of memory, which is spilled to the
local disk. All spilled ﬁles are then merged and written to
the disk after all map tasks are completed. Throughout the
process of spilling and merging, the index corresponding to
each partition is established by the map tasks. When reading
data, it can speed up the task of obtaining subsequent data for
the reduce partitions.
In the repartitioning process, the partition results in the
map phase are divided and combined once again [17]. The
key-value pairs in one partition are hence separated and
merged into another. When a reduce task requests partition
data based on the results of a new partition, the requested
data is distributed in diﬀerent places in the spilled ﬁles,
resulting in a nonsequential and ineﬃcient reading of data.
The key challenge in virtual partitioning is choosing
the partition number of key-value pairs R in function
hash key %R. By default, R is the number of reduce tasks;
but, ideally, R should be determined by the number of
types of input key-value pairs. We think that the appropriate
number of virtual partitions is between these two values.
When the value of R is determined, the partition number is
no longer correspondent to the reduce task number through
hash key %R. The data in each partition in the map phase
can be processed by an uncertain reduce task; such a partition
is called a virtual partition. Each virtual partition is an
integral part of an actual partition that has been repartitioned. The speciﬁc relationship is determined by a balancing
algorithm once the reduce tasks have all information pertaining to metadata output from the map phase.
The signiﬁcance of virtual partitions is to disperse the
key-value pairs as much as possible, thus providing more
combination types for the subsequent repartition process.
According to the characteristics of application, system
resources, and the degree of dispersion of key-value pairs,
the number of virtual partitions N can be selected freely by
users. To ensure a fair distribution among reducers, we divide
the output of all map tasks into virtual partitions. However,
the number of virtual partitions may signiﬁcantly aﬀect the
performance of the partitioning phase. When the number
of virtual partitions is small, the system can fetch the metadata information of each virtual partition more eﬃciently.
However, fewer virtual partitions can lead to unfair distribution among reducers.
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3.2. Obtaining Global Output Information. Based on the
global output metadata of map tasks, the repartitioning
process makes full use of the communication between map
tasks and reduces tasks to divide the original communication
process into two phases: (1) obtaining the metadata output of
each map task and (2) recombining the information in the
reduce tasks. Figure 2 shows the process of acquisition of
metadata for reduce tasks. The detailed steps are as follows:
(1) Once all map tasks are complete, the output is written
to the local disk. The TaskTracker uses heartbeat
information to send messages to a JobTracker stating
that the task has been completed.
(2) The JobTracker maintains a map task completion
message queue for each MapReduce job. When the
TaskTracker runs a reduce task asks for a completion
message for the map task, the JobTracker removes
the message from the queue and delivers it to the
corresponding TaskTracker.
(3) In the same MapReduce job, a reduce task gets a
completion message for the map task from its TaskTracker. The runtime information of the map task
is extracted from the completion message, including
map task number, and information concerning execution nodes. Using this information, the reduce task
establishes an HTTP connection with the execution
node and requests the metadata information output
of the map task.
(4) Based on the request number of a map task, the
TaskTracker reads the corresponding index ﬁle of
the map outputs from the local ﬁle system and sends
it to the corresponding reduce task.
(5) The reduce task merges the virtual partitions of the
same index number from diﬀerent index ﬁles. It then
aggregates the data of each virtual partition that has
the same type of key-value pairs.
3.3. Repartitioning. The repartitioning process divides the
collected virtual partitions into new partitions of the same
number as reduce tasks. The data size of the biggest partition
can be minimized after repartitioning process. It can also
reduce the processing time needed for the maximum
partition, thereby speeding up the completion of the entire
reduce phase and increasing the rate of completed jobs as
well as system throughput.
As previously analysed, the repartitioning process recombines each virtual partition generated in the map phase.
However, due to the limitation of available memory, these
virtual partitions must be written to the local ﬁle system. If
repartitioning is not restricted, it is likely to lead to a plurality
of discrete virtual partitions in one partition following the
balancing process, resulting in a nonsequential read of
the disk. Moreover, in classic algorithm design, the balancing of virtual partitions as a partition problem [18] has
been shown to be NP hard and hence impossible to solve
in linear time.
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Figure 2: Acquisition of the metadata for reduce tasks.

In this study, the proposed PTSH adds the following
restrictions to the repartitioning process: a new balanced
partition must be assembled by the original, continuous,
and distributed virtual partitions. The repartitioning result
P1 , P2 , P3 , P4 , P5 may be P1 , P2 , P3 , P4 , P5 , or
P1 , P2 , P3 , P4 , P5 but cannot be P1 , P4 , P2 , P5 ,
P3 . Through such constraints, following the repartitioning
process, we can ensure that virtual partitions continue to be
continuously distributed in spilled ﬁles. This also reduces
the time complexity of the balancing process. In the repartitioning process, the problem of the recombination of virtual
partitions can be described as follows:
n

max
ai
a ≤ Smax ≤ 〠 max1≤i≤n
1 ≤ i ≤n i
1

2

Deﬁne Smax = mid = low + high /2, traverse sequence A,
and determine the number of subsequences C
When C > K, Smax is lower; thus, Smax should be
increased. Hence, deﬁne low = mid + 1
When C ≤ K, Smax is higher; thus, Smax needs to be
reduced. Hence, deﬁne low = mid, and jump to step 4.
Repeat step 1 till low > mid.
The pseudocode of repartitioning algorithm is as in
Algorithm 1.
By applying binary search in the while loop of PTSH,
the minimum value of Smax can be determined. Because
it needs to traverse the sequence of integers once in each
loop, the time complexity of PTSH is O Nlog∑A , where
N is the number of elements of A.

4. Evaluation
All experiments to measure the performance of PTSH were
performed on a 7-node cluster with six slave nodes and one

Data: A a1 , a2 , …, an , K
Result: R: an index of subsequence
1 low ← max ai
2 high ← ∑1n ai
3 num ← 0
4 while low < high do
5
mid ← low + high − low /2
6
foreach ai ∈ A do
7
sum ← sum + a1
8
if sum > mid then
9
num + +
10
sum ← a1
11
R ← R∪ i
12
end
13
end
14
if num ≤ K then
15
high ← mid − 1
16
end
17
else if num > K then
18
low ← mid + 1
19
end
20 end
21 return R;
Algorithm 1: Repartitioning algorithm.

master node. Each node used two 2 GHz quadcore CPUs
with 16 GB of RAM and 500 GB SATA disk drives. All nodes
were used as both compute and storage nodes. The HDFS
block size was set to 64 MB, and a common gigabit Ethernet
switch connected each node. We evaluate PTSH performance
on a virtual cluster: ﬁve virtual machines were deployed on
each of the six machines, reaching a cluster size of 30 data
nodes. All virtual machines were conﬁgured with one CPU
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Table 1: Application characteristics.

Application
II-1
II-2
WC-1
WC-2
WC-3

Data type

Input data size (GB)

Wikipedia
Wikipedia
RandomWriter
RandomWriter
RandomWriter

4
4
7.5
7.5
7.5

Frequency of variation
of the keys
61%
156%
42%
125%
116%

and 1 GB memory. The baseline for our deployment was
Hadoop 1.1.2 [19], and we conﬁgured the HDFS to maintain
three replicas for each data block in this cluster.
4.1. Measures of Data Skewness and Data Locality. Some
distributions of data, such as the bell curve, are symmetric.
This means that the right and the left parts of the distribution
are perfect mirror images of each other. Not every distribution of data is symmetric. We know that data skew arises
out of the physical properties of objects and hotspots on
subsets of the entire domain (e.g., the word frequency
appearing in documents obeys a Zipﬁan distribution). The
measure of how asymmetric a distribution is is called skewness and is used as a fairness metric in the literature [20].
We use the coeﬃcient of variation to numerically calculate
the measure of data skewness as follows:
Cov =

stdev
× 100%
mean

3

The data distribution is completely fair if the coeﬃcient
of variation is zero. As Cov increases, skewness does as well.
Data locality is important for performance evaluation. In
this paper, data locality is the sum of the frequencies of keys
in nodes, which are partitioned to that of the frequencies of
all keys [5]:
K

Localitymin =

K

K

Localitymax =

j

〠i=1 min1≤j≤n FK i
〠i=1 FK i

4

M

〠i=1 FK i

,

j

where mini≤j≤n FK i indicates the minimum frequency of
j
key ki in data node nj and maxi≤j≤n FK i is the maximum
j
frequency of key ki in data node n .
4.2. Performance of PTSH on Applications. First, to compare
native Hadoop and PTSH, we performed our evaluations
on PUMA [21], which represents a wide range of MapReduce applications exhibiting characteristics with high/low
computation and high/low shuﬄe volumes. Second, we evaluated PTSH with Closer [9], LEEN [5], and native Hadoop
through the Word Count application. The applications used
in our evaluation were as follows:
(1) Inverted Index (II): It takes a list of documents as
inputs and generates word-to-document indexing.

Method
Hadoop, PTSH
Hadoop, PTSH
Hadoop, PTSH
Hadoop, PTSH
Hadoop, Closer, LEEN, PTSH

Map emits <word, docId> tuples with each word
emitted once per docId. Reduce combines all tuples
on key <word> and emits <word, list(docId)> tuples
after removing duplicates.
(2) Word Count (WC): This application counts the
occurrences of each word in a large collection of
documents. Map emits <word,1> tuples. Reduce
adds the counts for a given word from all map tasks
and outputs the ﬁnal count.
Table 1 gives an overview of these applications together
with the conﬁgurations we used in our experiments. We used
Wikipedia data [22] for Inverted Index and generated skewed
data by RandomWriter [23] for Word Count. In our
experiments, we used the frequency variation of the keys
and their distribution as parameters in the motivation of
the design. Since the former clearly causes variation in the
data distribution of the inputs of the reducers, the variation
in the latter aﬀects the amount of data transferred during
the shuﬄe phase [5]. We present the results of executing
these applications with varying sizes of input data, frequency
of variation of the keys, and average variation in key distribution. We ran each application at least ﬁve times and used the
average performance results.
The number of virtual partitions depends on the tuning
ratio (TR) set by user, which can be computed as follows:

,

j

〠i=1 max1≤j≤n FK i

Average variation in
key distribution
33%
108%
136%
211%
130%

TR =

V
R

5

In the above, V is the number of virtual partitions and
R is the number of reduce tasks. To compare the proposed
algorithm with the native Hadoop system, we ran each
application by using the PTSH algorithm with diﬀerent
partition turning parameters. The value of TR varied from
1 to 50. When TR = 1, this meant that PTSH was not used
and reached the uniform distribution of each key among
the data nodes (key distribution variation = 0%). However,
in the map phase, the combining process aﬀected the
amount of data to be transferred during the shuﬄe phase,
emphasising the amount of input data for the reduce
tasks. Therefore, the map native combine was not a factor
in our experiments.
Figure 3 shows the performance of II and WC. As
shown in Figure 3(a), for II-2, in the best case (TR = 20),
the runtime was 1.24x faster than the native Hadoop system.
II-1 achieved better performance improvement when TR was
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Figure 3: Performance of II and WC with diﬀerent variations in the frequency of keys as well as diﬀerent key distributions.

30, when it increased to 1.61x. For both II-1 and II-2, even in
the worst case, the runtime decreased by 12.7% (TR = 10) and
11.5% (TR = 10), respectively. Figure 3(b) shows the
performance of WC. WC-1 ran 1.12–1.57x faster than native
Hadoop, and the promotion of WC-2 varied in the range
from 13.1% to 25.4%. Figure 3(c) shows that the coeﬃcient
of variation could be eﬀectively controlled by PTSH by using
virtual partitioning. The map locality of PTSH did not
achieve better performance than that of native Hadoop.
Figure 3(d) also shows that the promotion of the map
locality of PTSH varied in the range from −2.3% to
5.4%, and that of the reduce locality varied from −1.7% to
13.5% due to the recombination of the virtual partitions.
We think that the virtual partitioning in the map phase
separated the tuples into many virtual partitions, which
aﬀected the performance of map locality. We think that

data locality varied considerably (diﬀerent runs of the
same workload might have resulted in diﬀerent data
localities). The PTSH is designed to achieve a betterbalanced distribution of the reducers’ inputs than data
locality. In Table 2, we see that PTSH achieved better
fairness in the reducers’ inputs between nodes than native
Hadoop, which in turn resulted in balanced reduce function
executions. All reducers therefore ﬁnished nearly at the
same time. This experiment showed that with PTSH, the
runtime of each application decreased clearly, and data
locality was stable when data skew occurred. Of each pair
of applications, in cases involving large frequencies of
variation in keys and a higher distribution, the performance
of the proposed application was better than that in other
cases. However, as the ﬁgures show, an increase in TR
added overhead to the system and performance was stable
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Table 2: The detailed performance of the nodes with maximum and minimum load.

Application

Node with maximum load
Size (MB)
Runtime (seconds)
292
75
187
49
329
92
205
66
391
154
278
106
425
180
291
119

Method
Hadoop
PTSH
Hadoop
PTSH
Hadoop
PTSH
Hadoop
PTSH

II-1
II-2
WC-1
WC-2

Node with minimum load
Size (MB)
Runtime (seconds)
27
8
122
33
15
5
107
36
43
21
230
82
12
3
195
71
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Runtime (seconds)
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Figure 4: Performance of WC-3 with native Hadoop, Closer, LEEN, and PTSH.

when TR was in the range 10 to 40. We then used Word
Count to evaluate the performance of PTSH (TR = 30)
against data skew compared with native Hadoop, Closer,
and LEEN. Since the operation of Word Count on reducer
was only the addition operation, we selected ﬁxed reducers
(reducer = 60) to compare performance and chose (1) the
detailed runtime of each stage, (2) the runtime of the
worst and best tasks, (3) the coeﬃcient of variation, and (4)
data locality range in the shuﬄe phase as indicators.
Regarding the runtime of the entire job, PTSH outperformed native Hadoop, Closer, and LEEN in WC-3. As
shown in Figure 4(a), PTSH outperformed native Hadoop,
Closer, and LEEN by 27.5%, 7.3%, and 4.9%, respectively:
the runtime of shuﬄe phase in PTSH was longer than that
in other methods due to the repartitioning algorithm, but
the runtime of the reduce phase in PTSH achieved the best
performance (the time taken by the best reduce function
was 92 s and that by the worst reduce function was 160 s),
due to the better fairness in the data distribution of the
reducers’ inputs (as shown in Table 3, PTSH achieved better
Cov than other methods). Figure 4(b) shows that when using

Table 3: Data locality and Cov of each method.
Method
Hadoop
Closer
LEEN
PTSH

Cov
79%
23%
15%
11%

Locality range
3%
1–12%
1–16%
1–14%

PTSH, the runtime of the best task and the worst task in the
map and reduce phases achieved better performance than
those in native Hadoop, Closer, and LEEN (the time taken
by the best task and the worst task in the map phase was
37 s and 26 s, and the time taken by the best task and the
worst task in the reduce phase was 52 s and 43 s). Thus, PTSH
eﬀectively handled the skew of reducers by mitigating the
unbalance of tasks.
4.3. Case Study. At present, data generated by health organizations is vast and complex and makes it diﬃcult to analyse
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Table 4: Dataset characteristics.
Attribute
characteristic
Categorical, integer

Transaction
size (GB)
3.31

Numbers
Numbers
of instances of attributes
4,905,142
247

to make important decisions regarding patient health. This
data contains details regarding hospitals, patients, medical
claims, treatment cost, and so forth Thus, there is a need to
generate a powerful tool to analyse and extract important
information from this complex data. The analysis of healthcare data improves healthcare by enhancing the performance
of patient management tasks. The outcome of data mining
technologies is to provide beneﬁts to healthcare organization
in grouping patients with similar diseases or health issues to
provide them with eﬀective treatment.
To improve the performance of association mining on
healthcare data with MapReduce, we used the Apriori [24]
algorithm to analyse healthcare data from the National Survey on Drug Use and Health (NSDUH) [25], 2004–2014,
which primarily measured the prevalence and correlation of
drug use in the United States. The surveys were designed to
provide quarterly as well as annual estimates. Information
was provided on the use of illicit drugs, alcohol, and tobacco
among US residents aged 12 and older. Questions included
age at ﬁrst use; lifetime, annual, and past-month usage for
the following drug classes: cannabis, cocaine, hallucinogens,
heroin, inhalants, alcohol, and tobacco; nonmedical use of
prescription drugs including psychotherapeutics; and polysubstance use. Respondents were also asked about their
knowledge of drugs, perceptions of the risks involved, population movement, and sequencing of drug use. We conducted
data preprocessing on this dataset and removed irrelevant
information. The detailed characteristics of the dataset were
as in Table 4.
As the classic ARM algorithm, the Apriori algorithm
can obtain knowledge with important reference value for
decisions and judgments and, hence, can be used to mine
healthcare data. However, the traditional Apriori algorithm
has three shortcomings: (1) It can mine incorrect strong
association rules. (2) The cost of the algorithm ﬂuctuates
greatly when only using the degree of support as the
determinant of candidate set generation. (3) When dealing
with a large amount of data, the system I/O load increases
and processing speed slows down, seriously aﬀecting the
algorithm’s eﬃciency. In this case study, we used the interest measure-based Apriori algorithm (IM-Apriori) [26] to
eﬃciently mine strong association rules. Algorithm 2 summarizes the IM-Apriori algorithm on MapReduce. We also
combined PTSH and IM-Apriori to improve the performance of MapReduce in case of data skew in NSDUH.
We evaluated the IM-Apriori algorithm on subsets of
NSDUH with native Hadoop, Closer, and PTSH. For
IM-Apriori, the parameters of the association rule can be
seen in Table 5. This study used an 11-node real cluster
and the same hardware conﬁguration as before. Since the
transaction size was large, we needed to divide them into
blocks and distribute to diﬀerent data nodes. The number

Table 5: Association rule parameters.
Parameter name
Minimum conﬁdence
Minimum support
Minimum interest

Parameter value
0.6
0.2
0.3

Table 6: Performance of IM-Apriori algorithm.
Runtime
Runtime Runtime
Transaction Number of native
of Closer of PTSH
size (GB) of blocks Hadoop
(seconds) (seconds)
(seconds)
ARM-1
0.72
10
914
795
706
ARM-2
1.68
20
1522
1147
1058
ARM-3
3.31
40
2359
1962
1632

of reducers was set to 20, and the TR we used in PTSH
was 30. Table 6 shows the performance of IM-Apriori
algorithm when using native Hadoop, Closer, and PTSH.
When the size of the transaction increased, the diﬀerences
among the three methods were greater. In the best case,
PTSH ran 1.44x and 1.20x faster than native Hadoop
and Closer, respectively. Figure 5 shows the performance
of data locality, Cov, and the data size of nodes with
maximum and minimum load for the three tests. As we
can see in Figure 5(a), the reduce locality of PTSH also
outperformed its map locality and the map localities of
these tests achieved almost the same locality. This can be
explained due to the better Cov in Figure 5(b) and fairness in
data distribution of reducers’ inputs in Figures 5(c) and 5(d).
Figure 6 showed the detailed performance of each stage
and tasks in Hadoop, Closer, and PTSH for ARM-3. As
shown in Figure 6(a), the latency of the map phase in
native Hadoop was higher than that of Closer and PTSH
due to the map skew and the latency of the shuﬄe phase
in PTSH was longer than that in other methods due to the
repartitioning algorithm. However, as shown in Figure 6(b),
the better fairness in reducers’ inputs data between nodes in
PTSH resulted in balanced reduce task executions, which in
turn made all reducers ﬁnished almost at the same time.
The IM-Apriori algorithm is hence more suitable for healthcare data mining than native Hadoop and Closer.
In Table 7, we list some of the results of association rule
mining from NSDUH. We found that an average young adult
smoker tended to drink alcohol; the conﬁdence of this rule
was 0.72. On the other hand, we also found that divorced
women also belonged to the group of smokers, as did many
unemployed adults. With the rapid changes in society, social
pressure is increasing and more and more people smoke and
drink, which has a signiﬁcant impact on human health.
Through the analysis of data association rules, we can ﬁnd
some common characteristics. According to these characteristics, we can oﬀer the relevant guidance and help to prevent
people from excessive drinking and smoking.
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Figure 5: Performance of data locality, Cov, and the data size of nodes with maximum and minimum load for the three tests.

5. Conclusions
Big data is changing how we live in many ways, such as
shopping, relationships, and education. One of the most
promising areas where big data can be applied for improvements is healthcare. The ﬁelds of medical and health generate
large volumes of data, for instance, electronic medical
records. Both the volume and the velocity of data in healthcare are truly suﬃciently high to require big data today.
Understanding these data with methodologies using big data
processing can help analytics for clinical improvements,
ﬁnancial analysis, and fraud and waste monitoring.
This paper proposed a PTSH algorithm to balance the
input data of reduce tasks, which aims to process data in
healthcare-related areas. Performance studies carried out on
a seven-node MapReduce cluster showed that PTSH outperformed native Hadoop, Closer, and LEEN. Compared with
one-stage partitioning strategies, two-stage partitioning can

mitigate skew data in reduce tasks. It was found that data
skewness and workload balance simultaneously inﬂuenced
the eﬃciency of MapReduce. Our analysis and experimental
results showed that MapReduce is sensitive to workload
balance, although good skewness is also important. MapReduce was eﬀective in the best case of high balance and high
skewness. The combination of high balance and moderate
skewness was the second-best case.
Large data analysis provides a new approach to the
resolution of many healthcare problems, where mining
small data cannot help extract valuable information to serve
economic and social development. As healthcare data
continues to increase in size, there is a need to generate a
powerful tool to analyse and extract important information
from these complex data. A case study of ARM for NSDUH
data was carried out on MapReduce. The results showed that
workload balance is important for ARM on MapReduce, as it
ensures the minimum execution time for the reduce phase.

Journal of Healthcare Engineering

11
350

2500

300
Runtime of tasks (seconds)

Runtime (seconds)

2000

1500

1000

500

250
200
150
100
50

0

Hadoop

Closer

Map
Shuffle

PTSH
Reduce

0

Hadoop

Closer

PTSH

The worst task in map phase

The worst task in reduce phase

The best task in map phase

The best task in reduce phase

(a)

(b)

Figure 6: Detailed performance of each stage and tasks in Hadoop, Closer, and PTSH for ARM-3.
Table 7: Association rules for NSDUH (2004–2014).
No.
1
2
3

Rules
Age = young adult and
smoking = more ≥ alcohol = yes
Gender = male and marital
status = divorce ≥ cigarette = yes
Job status = unemployment and
age = older adult ≥ alcohol = yes

Conﬁdence
0.72
0.65
0.63

We discovered that two-stage partitioning performed better,
and PTSH improved the eﬃciency of ARM on real healthcare
data. We think that even if healthcare data is seriously
skewed, good workload balance can better solve the problem.
The current strategy requires obtaining all metadata
outputs by map tasks before the reduce phase. However, in
processing applications of large-scale data, overhead due to
transmission between the map phase and the reduce phase
may increase. In future work, we plan to focus on optimizing
this overhead to achieve better balance performance.
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